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Abstract

Two major issuesin the designof multi-rob ot systemsare thoseof communication

and co-ordination. Communication within real world environments cannot always be

guaranteed. A multi-rob ot systemmust, therefore,be able to continue with its task

in the absenceof communication betweenteam members. Co-ordination of multiple

robots to perform a speci�c task involvesteam membersbeing ableto make decisions

as a singleentit y and as a member of a team. The co-ordination needsto be robust

enough to handle failures within the system and unknown phenomenawithin the

environment.

In this thesis, the problems of communication and co-ordination are discussed

and a new type of multi-rob ot systemis introducedin an e�ort to solve the inherent

di�culties within communication and co-ordination of multi-rob ot systems.

The co-ordination and communication strategy is basedupon the conceptof shar-

ing potential �eld information within dynamic local groups. Each member of the

multi-rob ot system creates their own potential �eld basedupon individual sensor

readings. Team members that are dynamically assignedto local groups sharetheir

individual potential �elds, in order to createa combined potential �eld which reduces

the e�ect of sensor noise. It is becauseof this, that team members are able to make

better decisions.

A number of experiments, both in simulation and in laboratory environments, are

presented. Theseexperiments comparethe performanceof the systemagainsta non-

sharingcontrol and a hybrid systemmadeup of a global path planner and a reactive

motor controller. It is demonstratedthat the new systemsigni�cant ly outperforms

theseother methods in a search type problem.

From this, it is concludedthat the novel systemproposedin this thesissuccessfully

tackled the search problem, and that it should also be possiblefor the system to be

applied to a number of other commonmulti-rob ot problems. Someapplications may

requireonly minor changesto the system,whereasothersmay requirefuture research.
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1

Chapter 1

In tro duction

1.1 Background and Motiv ation

Multi-rob ot systemshave beenan establishedresearch area for more than a decade.

Even so, compared to its parent research topic of single-robot systems,it is still a

relatively young areaof interest.

Typical problemstackled by single-robot systemsinclude Urban Search and Res-

cue(USAR) scenarios.See�gure 1.1a1 for an exampleof a single-robot systembeing

deployed in the aftermath of the World Trade Centre disaster. These systemsare

generally tele-operated, owing to the urgency of the task. In rescueoperations, the

time taken for a robot to rescueitself from local minima could cost lives.

Mine-sweepingis another typical single-robot systemtask | see�gu re 1.1b2 for

an exampleof a mine sweeper robot. Most systemsare remote controlled until they

reach the mine �e ld. Onceat the mine �eld, the systemis fully autonomous.Thi s is

usually due to the fact that the system'sde�niti on of the world is limited to a mine

�eld. That is, the system has no concept of being outside a mine �eld. If placed

outside a mine �eld, the systemwould still attempt to �nd mines until told to stop

by a human operator.

The Mars \Spirit" rover, see�gu re 1.1c3, has been on the surfaceof Mars for

just over four years,and is one of the best examplesof a robotic systemworking in

1Image from http://crasar.csee.usf.edu
2Image from http://www.bb c.co.uk
3Image from http://www.nasa.go v
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an uncertain environment without the possibility of human intervention. During the

relatively small periods of communication betweena controller on Earth and a rover

on Mars, the rover is given a list of objectivesto completebeforethe next scheduled

communiqu�e. Theseobjectivesare carried out completely autonomously.

UnmannedAerial Vehicles(UAVs) are usedby numerousarmed forcesthrough-

out the world to perform reconnaissanceduties. An exampleof a remote controlled

Predator UAV is shown in �gure 1.1d4. During the year July 2005to June 2006,the

Predator UAV 
ew over thirt y three thousand 
ying hours during the Iraq con
ict

[31]. Recently a pair of UAV s 
ew acrossparts of Antarctica, demonstrating the

system'srobustnessto adverseweather conditions.

(a) (b)

(c) (d)

Figure 1.1: (a) Robotic Urban Search and Rescue.(b) Robotic Mine Sweeper. (c) Mars Exploration

Rover. (d) Predator Unmanned Aerial Vehicle.

4Image from http://www.wikip edia.com
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A central issuemotivating this thesisis the questionof how deploying multi-rob ot

systemsto thesescenarioscould improve performance. The use of a multi-rob ot

systemfor a USAR task, for example,could reducethe time neededto search a given

area. As multi-rob ot systemslend themselvesto the useof smaller robots, areasof a

site previously inaccessiblecould becomesearchable.

Mine-sweepingcould be moree�cien tly solved by a multi-rob ot system. Whereas

a single-robot systemis limited to detectingonemine at a time, a multi-rob ot system,

by its very nature, can detect multiple mines.

A related issueis how a multi-rob ot system could perform better than what is

obviously a very robust single-robot system in the Mars rovers. The main area for

improvement is undoubtedly, numbers. Only two Mars exploration rovers are cur-

rently deployed on the entire surfaceof Mars (144; 798; 500km2). There have been

attempts to put more robotic systemson Mars, but the di�cult y of such a task is

huge. For example, the loss of the Beagle2 Mars robot is presumedto be due to

the failure of landing parachutes to deploy during landing, perhapsdue to a thinner

than expected atmosphere. By sending a multi-rob ot system containing hundreds

(perhapsthousands)of robots, the probability of total mission failure due to crash

landings may be reduceddramatically and, in theory, a larger areamay be explored

in a shorter spaceof time.

In a report on the Iraqi con
ict [20], the US Air-force lost 53 out of 139Predator

UAVs (38%) at a cost of $4.5 million each. UAVs undoubtedly provide e�ectiv e

surveillance,but the cost of replacingthem during con
ict can becomeastronomical.

Developing cheaper, smaller UAVs that provide surveillanceof a given areain teams

could be oneway of tackling the problem of spiralling costs.

Multi-rob ot systemsbring their own problemsof course:namely reliable, e� cient

and e�ectiv e communication and co-ordination. Theseproblems can be generalised

to a debatebetweenthe adoption of either a centralised or distributed system. In a

centralised systemall members of the multi-rob ot system are co-ordinated through

a single centralised controller (a remote PC or a \leader" robot). See�gure 1.2a

for an exampleof a leader robot co-ordinating each member of the group. Solutions

are usually found at the global level and are near-optimal. That is, during a multi-
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(a) (b)

Figure 1.2: (a) Centralised system| All decisionsare made by a remote PC or \leader" robot. (b)

The \leader" robot fails, causing a system wide failure. Robots/agents are represented by circles.

Communication is shown by arrows.

robot exploration task, the central controller would plan collision free paths for each

robot within the system,attempting to maximise the total area covered within the

environment. The more robots wit hin the group, the more computational expensive

co-ordination becomes. As each member of the system is given speci�c tasks to

perform, the communications load betweenmembersis reduced,but this alsoimposes

several points of failure within the system | most notably the central controller.

However, it is also the casethat if a member given a speci�c task fails, this has an

accumulative e�ect on the rest of the system'sperformance.In �gure 1.2b the leader

robot su�ers a failure and is no longer able to co-ordinate the rest of the group. As

the other group membershave no local decisionmaking capabilities they will not be

able to complete the task.

In a distributed system,each member controls its own actionsand co-ordination is

achieved through communication betweenmembers. Figure 1.3aprovidesan example

of a distributed system; each individual robot is capable of making decisions,and

interactions with other group members are used to improve that decision making

process. As a consequence,if one member of the system has a failure, the rest of

the systemcan continue with the task. The more homogeneousthe members of the

team, the more robust to failure the system will become. See�gure 1.3b for an

exampleof a robot failure within a distributed system. As communications are not
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(a) (b)

Figure 1.3: (a) Distributed system| Decisionsare madeby individuals. (b) One of the robots fails,

causingminimal disruption to the system. Robots/agents are represented by circles. Communication

is shown by arrows.

centralised and each robot is capableof making its own decisions,the e�ect of the

failure on the overall system'sperformanceis minimal. However, the communications

load of the systemis increased. In distributed systems,solutions are usually solved

at the local level, with the global solution being solved as an emergent property of

the system. However, these solutions are usually sub-optimal. This is due to the

fact that, unlike a centralised systemwherea singlecontroller agent hasaccessto all

available information, in a distributed systemeach member hasaccessto incomplete

information and henceindividual robots cannot possibly achieve optimal solutions.

Solutions are said to be an emergent property of the system, as through completing

simple tasks it is possible for the system to complete a more complex task. For

example,a group of robots that have the simple task of collision avoidance,may also

solve the coveragetask as an emergent property.

The task of the multi-rob ot systemdesigneris to balancethe needfor near-optimal

solutions with robustnessand communication limitations.

1.2 Goals of this Pro ject

The overall aim of this project was to design and implement a novel multi-rob ot

systemthat wascapableof performing a given task in an unknown environment. The
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systemwasdesignedto encapsulatethe following bene�cial aspects for a multi-rob ot

system: robustness,scalability and fault tolerance.

The speci�c goalsof the project are given below in more detail:

1. To design and implemen t a new typ e of multi-rob ot system based

up on Farinelli's multi-rob ot taxonom y (as describ ed in section 2.4.2).

Farinelli's taxonomy of mutli-rob ot systemsoutlines a number of systemsclas-

si�ed in terms of communication and co-ordination. The taxonomy is discussed

in moredetail in chapter 2. The taxonomy classi�esknown robotic systems into

speci�c categories.In this thesisa novel multi-rob ot systemis introducedthat

can be classi�ed into oneof two di�eren t categoriesdepending the scope of the

classi�cation. This is discussedin more detail in chapter 4.

2. To design and implemen t a comm unication/co-ordination metho d

that is inexp ensive in terms of computation and bandwidth.

The e�ectiv enessof a multi-rob ot systemis closelyrelated to the e�ectiv enessof

its communication/co-ordination strategy. A systemthat reliesupon communi-

cation strategy that is slow will result in a systemwith a slow responseto com-

munications. Similarly a systemthat relies on an over complex co-ordination

strategy will result in a systemthat is slow to respond to new stimuli.

3. To design and implemen t a multi-rob ot system that is not relian t

up on information gathered a priori .

The overall aim of the project was to implement the system in an unknown en-

vironment. Therefore, it wasnot possibleto provide the systemwith knowledge

gathereda priori . This restriction is common amongmany real world scenarios,

such as USAR.

4. To design and implemen t a multi-rob ot system that is not relian t

up on explicit information gathered from other rob ots.

It is important that the individual robots have the abilit y to make their own

decisions,even if the robots are a part of a team. This enablesthe system
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to becomefault tolerant in regard to the loss of robots. The robustnessof

the system is also improved as indivi dual robots can react to changesto the

environment not yet detectedby other robots within the system.

5. To evaluate the multi-rob ot system with real rob ots.

Simulation was used within the project only as a method for producing fast

prototypes. As such, we use the low �del it y simulator discussedin chapter 3.

Evaluating the systemon real robotic hardware was the main objective of this

project from its conception.

1.3 Overview of the Thesis

The remainderof this thesis is split into seven chapters. Chapter 2 de�nes a number

of common robotic problems. It then goes on to give a detailed literature review

of robotic architectures and multi-rob ot systems. Several key architectures will be

discussedand critically analysed,falling into the regionsof reactive, deliberative and

hybrid systems. Farinelli's multi-rob ot taxonomy will be described and examples

given for each group, along with a critical analysis. The potential �eld method used

in numerousrobotic systemswill alsobeexplainedthrough a number of examples,and

critically analysed. Finally, robotic systemsthat are closelyrelated to the potential

�eld sharing method described in chapter 4 will be discussedin detail.

Chapter 3 describesthe robotic hardwareand software architecture usedthrough-

out the experimentation within this thesis.Detailed con�gurations and speci�cations

are given. Limitations of the hardware and software deployed are alsodiscussed.Fi-

nally, a discussionon the current architecture of the systemand the proposedfuture

architecture of the systemendsthe chapter.

Chapter 4 describesthe newmulti-rob ot system. The systemwill be broken down

into its sub-processes,with each being described in detail. A comparisonwith the

traditional potential �eld method, in regardto susceptibility to the known limitations,

will alsobe presented.

Chapters5, 6 and 7 discussthe experiments undertaken in simulation and in the
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robot laboratory. A seriesof simulation experiments were carried out, a one target

search problem and a two target search problem, over three di�eren t environments,

with groupsof robots ranging from two to eight. A seriesof laboratory experiments

werealsocarried out. First, the one target experiment wasrepeatedin the laboratory

setting. Then, an experiment comparing a hybrid systemagainst the novel reactive

system was conducted. A statistical analysis of each experiment is given, demon-

strating that the new systemperformsbetter than both a non-sharingcontrol and a

hybrid system.

Chapter 8 concludesthe thesis, with a discussionon which goalswere achieved,

limitations of the systemproposed,possiblefuture work and how this research has

beendisseminatedto date.
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Chapter 2

Literature Review

2.1 In tro duction

In this chapter, a number of commonrobotic problemstackled by the robotic systems

described in the following sectionswill be de�ned. The threemajor implementations

of robotic architectures(reactive,deliberativeandhybrid) will bediscussedalongwith

Farinelli's taxonomy of multi-rob ot systems. As the systempresented in this thesis

is looselybasedupon potential �eld theory, the commonapproachesto the potential

�eld method in robotics will be described. Penultimately, a detailed discussionon the

literature most closelyrelated to the systemdescribed in this thesiswill be presented.

A brief summary will concludethis chapter.

2.2 Problem De�nitions

In this section,de�nitions for several commonrobotic problemsthat are tackled by

single and multi-rob ot systemsare given. Referencesto literature are given and,

whereappropiate, further explanation is given in the relevant sections(sections 2.3,

2.5 and 2.6).

2.2.1 Path Planning

The oldest problem in mobile robotics is that of path planning (tackled in the litera-

ture by Leroy et al. [54], Chand et al. [69] and Parsonset al. [73]. It can be de�ned
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as follows:

Calculating the necessarymotor operationsneededby a robot (or group of
robots) to travel from a start location to a target location, whilst avoiding
collisionswith obstacles within the environment.

The complexity of the problem variesdepending on the density of objects within

the environment; the inclusionof dynamicobjectswit hin the environment; the amount

of environment information given a priori ; and the sensoryinformation madeavail-

able to the path planner. The common method for path planning is to calculate a

near optimum solution a priori from the available environmental information. As

the robot movesalong this path it is adjusted to avoid any unforeseenevents such as

dynamic obstacles. An exampleof the path planning problem is given in �gure 2.1.

Three possiblepaths have been calculated | the robot will attempt to follow the

path with the smallesttotal weight. Each arc betweenway-points is given a weight in

relation to its length, distance from obstaclesand type of terrain. Each arc's weight

in a path is summed.

The path planning problem is commonly the baseproblem of the more high level

problemsdescribed in this section.

2.2.2 Coverage

The coverageproblem (tackled by Batalin et al. [9], Gazi et al. [42] and Howard et

al. [47]) can be de�ned as follows:

The task of controlling a robot (or group of robots) to maximise the
amount of sensory information gathered within an environment. This
can be in the form of traversing the environment, whilst guaranteeing
total area coverage. Another approach is to form a sensornet of the
environment in an e�ort to maximisethe areacoveredby the net.

The complexity of the problem varies depending upon the number of robots de-

ployed, the sizeof the environment and the type of sensorsused. The typical solution

to the �rst kind of coverageproblem is to assignway-points in di�ere nt sectionsof

the environment (assuminga map is given a priori ). An exampleis given in �gure
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Figure 2.1: A robot (R) calculates a number of possiblepaths to the desired target location (T).

Each path (dashedline, solid line and bold line) is madeup of a number of way-points (white circles)

the cost of traversing between these way-points is related to the distance, di�cult y of terrain and

density of objects (black circles) present.

2.2. A robot attempts to traversethe environment, visiting each way-point along its

route. A typical solution to the secondkind of coverageproblem (sensornet) is to

make membersof the robotic team actively avoid oneanother, thus forcing the robots

to exploremore of the environment. In �gure 2.3, a group of four robots attempt to

createa sensornet within the environment.

A sub-type of the coverageproblem is shown in Figure 2.2, the surveillanceprob-

lem (tackled by Martins-Filho et al. [57] and Oates et al. [67] in the literature). The

robot is equipped with a sensorthat can detect anomalies within the environment.

The surveillanceproblem can be de�ned as:

A robot (or group of robots) has the task of traversing an (attempting
to maximisecoverageof) environment, whilst detecting anomaloussensor
readingsfrom the environment.

Another sub-type of the coverageproblem is the grazeproblem(tackled by Balch

et al. [6] in the literature), which be de�ned as:

A robot (or group of robots) has the task of traversing an (attempting
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Figure 2.2: A robot (black circle) traversesan environment attempting to maximise the total area

covered. The dashedline is the desiredpath, the circles are the way-points. The dashedarc is the

sensorylimit of the robot. The star is an anomaly within the environment.

Figure 2.3: A group of robots (black circles) form a sensornet to get the optimal coveragearea for

the given amount of robots. The dashedcircles are the sensorylimits of the robots.

to maximise coverageof) environment, whilst performing `work' at each
location it visits.
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In the example in �gure 2.2 the robot might be expected to spend a pre-de�ned

amount of time at each way-point conducting a number of sub-tasks.

2.2.3 Exploration

The exploration problem (as tackled by Parker et al. [70,71, 72], Rekleitis et al. [78],

Simmonset al. [81] and Zlot et al. [95] in the literature) can be de�ned as follows:

A robot (or group of robots) has the task of traversing an environment,
whilst avoiding collisionswith obstacleswithin the environment, gathering
information.

This problem is related to the path planning problem, as at its baselevel it is

simply a seriesof planned paths. The information gathered is typically a map of

the environment. The complexity of the problem varies according to the type and

accuracyof sensoryequipment used. Typically a robot will attempt to localiseitself

within the environment (assuminga partial map is given a priori ) using odometry

and sensorreadings.Using thesesensorreadingsthe robot will update its map of the

environment.

A noteworthy sub-type of the exploration problem is hunting (as tackled in the

literature by Cao et al. [28]). It can be de�ned as:

A robot (or group of robots) has the task of traversing an environment,
whilst searching for and capturing anomalous entities within the environ-
ment.

An exampleof the hunting problemis given in �gure 2.4wheretwo robots attempt

to capture an anomalousentit y within the environment.

2.2.4 Foraging

Another commonmobile robot problem is foraging (tackled by Balch et al. [6] and

Sugawara et al. [85] in the literature). It can be de�ned as follows:

A robot (or group of robots) has the task of traversing an environment,
whilst avoiding collisionswith other entities within the environment, col-
lecting `food' and depositing it in a pre-de�ned location (if the environ-
ment is known a priori ).
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Figure 2.4: Two robots (black circles) attempt to capture an anomalousentit y (star). Motion is

signi�ed by arrows. The dashedcircles are the sensorylimits of the robots.

The complexity of the problem is related to the spatial positioning of the `food',

the amount of co-ordination within the group of robots attempting the task and the

accuracyof the `food' detectingsensor.Typically a robot will traversean environment

randomly until a sourceof `food' is discovered. The robot may then (depending on

the system deployed) notify other robots within the system of the location of the

`food'. An example is given in �gure 2.5. In which a group of three robots attempt

to collect `food' from the environment and deposit it in a pre-de�ned safelocation.

A noteworthy sub-type of the foraging problem is the search and rescueproblem

(tackled by Jenningset al. [49, 50] in the literature). It can be de�ned as follows:

A robot (or group of robots) has the task of traversing an environment,
whilst avoiding collisionswith other entit ieswithin the environment, and
searching for a pre-de�ned target, manipulating it to a pre-de�ned safe
location (if the environment is known a priori ).

As such, the level of co-ordination in the search and rescuetask is generallyhigher

than that in a standard foragetask, as the manipulation processis a highly coupled

one. An exampleis given in �gure 2.6. Two robots needto co-ordinatetheir actions

in order to `rescue'the target.
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Figure 2.5: A group of robots (black squares) collect `food' (white circles) and take them to a

pre-de�ned location (white square).

Figure 2.6: Two robots (black squares)attempt to manipulate the target (white circle) back to the

designatedsafearea (white square), whilst avoiding obstacles(black rectangles).
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2.2.5 Formation Con trol

A problem which is commonly explored is formation control (tackled by Balch et al.

[7, 8], Monterio et al. [65] and Ogren et al. [68] in the literature). It can be de�ned

as:

A group of mobile robots attempt to traversean environment (known or
unknown) whilst maintaining a pre-de�ned formation (relative positions
from oneanother).

The complexity of the problem increaseswith the number of robots involved, the

complexity of the underlying traversal problem, and the complexity of the desired

formation. Typically a `leader'robot will beassigned,which hasthe task of traversing

the environment. The other robots will have the task of keepingin formation with

this `leader'robot. Formations are kept by punishing robots for moving too far apart

or too closetogether. An example of the formation control problem is given in �gure

2.7. One group of robots forms a column formation and the other a line formation.

Figure 2.7: Two groups of robots (white circles) attempt to traversethe environment in formation.

One group in line formation, the other in column formation.
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2.2.6 Rob ot Football

The robot football problem, as tackled in the literature (Tewset al. [86], Veloso et

al. [90] and Wergeret al. [92]), is a hybridisation of the above problemsand can be

de�ned as:

A group of robots attempts to play a game of football (based on rules
de�ned by an international committee). As with real football, the aim is
to have a higher scorethan your opponents.

A number of di�e rent robot football leaguesexist , all varying in complexity, from

systemsusing global tacking systemsto position team membersand opposition play-

ers, to systemsthat rely entirely upon local sensorinformation. Fundamentally, the

task is the same.

Teamscan put the solutions of other common robotic problems to good use in

the robot football domain. Theseinclude formation control, coverage,and hunting,

all of which could be advantageousto a team's strategy. Examplesof how the above

problemscould be implemented in the robot football problem are given in �gure 2.8.

Figure 2.8: A conglomeration of the hunting and formation control problems. The two teams are

represented by black and white squaresthe ball by a black square.
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2.2.7 Summary

The problems de�ned and discussedin this section do not form an exhaustive list.

However, they do cover the major basic problemsfound in robotics; generallyother

problemswill be sub-typesof the problemsde�ned above or variations thereof.

In the following sections, a number of di�eren t robotic systemswill be described.

Each of them will naturally lend themselvesto one or more of the problemsde�ned

here. For example, the potential �eld methods discussedin section 2.6 lend them-

selves to the coverageand formation control problems. When designinga robotic

architecture it is important to take into account the type of problem that is being

attempted, asthe wrong choicecould result in a multitude of unforeseenissuesin the

future. This is not to say that genericproblem solving systemscannot be designed.

However, the more generalisedthe system,the more likely it is that the solutionsob-

tained will be sub-optimal. The task of the robotic systemdesigner is to balancethe

optimalit y of the solutionswith the usability of the systemover a number of di�eren t

tasks.

2.3 Rob otic Arc hitectures

In this section, the three major robotic architectures will be described: reactive,

deliberative and hybrid systems.A number of exampleswill be given for each. The

sectionwill be concludedwith a critical analysisof the three architectures.

2.3.1 Reactiv e Systems

In his book, Braitenburg conducted a number of thought experiments that showed

the emergenceof complex behaviours from a collection of simple sensor/actuator

interactions [19]. For example,�gure 2.9 shows Braitenburg's vehicle3b; this simple

vehicle is made up of two motors and two sensors,with the motors and sensors

cross-connected.High sensorinput results in low motor output. The vehiclecan be

described as an explorer, as it is attracted to regionsof high sensorinput but moves

on to investigateother regions. It can be arguedthat theseset of experiments were
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the foundations for the reactive robotic systemsmethodology [2].

Figure 2.9: Two motors and two sensorsare negatively cross connected, resulting in low motor

output for high sensorinput.

The most fundamental feature of reactive systemsis the lack of abstract repre-

sentational knowledge about the environment the robot can acquire, or is given a

priori . In fact it is actively avoided as the processcan be time consumingand in

highly dynamic environments ultimatel y futile. Simply put, a reactive system has

a stimulus-response relationship with the world rather than the traditional perceive-

reason-act relationship a deliberative system has with the world (as discussedin

section2.3.2).

An early pioneerof the methodology wasRodney Brookswho developed the Sub-

sumption Architecture [21, 23, 25,26]. The architecture involvesthe conceptof lay-

ered levels of behaviour, with the low level \surviv al" behaviours at the bottom of

the hierarchy and the high level \goal" behaviours at the top. Figure 2.10shows an

exampleof the behaviour levels of a robot whosegoal it is to traversean unknown

environment making somesort of observation. Each of theselayers of behaviour run

in parallel; the higher level behaviours can subsumecontrol over the lower levelsbut

not vice-versa. In the example, if the avoid behaviour detects an obstacleit would

subsumecontrol over the wander behaviour and so the robot will avoid the detected

obstacle. Once the obstacleis successfullyavoided, the robot defaults to the lower
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level behaviour of wander. The more layersof behaviour within the architecture, the

more complextasksthe robot can perform.

Figure 2.10: The higher levels such as \avoid" subsumecommandover the actuators from the lower

levels such as \w ander".

Other behaviour basedsystems include Balch et al. [7] in which they tackle multi-

robot formation control. A number of motor schemasare implemented to give the

desired behaviour of formation control: move to goal, avoid static obstacle, avoid

robot, maintain formation. Each of theseschemasoutputs a motion vector, which is

multiplied by a gain value (this indicates the relative importanceof each behaviour);

the vectors are then summed. This command is then sent to the robot's motor

controller. Three methods for formation position determination werede�ned:

� Unit-centre-referenced: Each robot within the formation computedits own for-

mation position relative to the averagex and y positions of all other robots

within the team.

� Leader-referenced: Each robot within the formation computed its own formation

position relative to the position of a `leader' robot. The `leader' robot did not

attempt to maintain formation; it was up to the other robots within the team

to maintain the formation.
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� Neighbour-referenced: Each robot within the formation computed its own for-

mation position relative to another pre-de�ned robot.

It was found that the unit-centre-referenced approach provided the best results

[7]. However, this approach may not be applicableto somescenarios.For example,if

the `leader' robot was replacedby a human leader, it would not be possiblefor them

to calculate the unit centre on the 
y and avoid obstaclesat the sametime | assuch

a leader-referenced approach would be more applicable. The unit-centre-referenced

approach was also communications intensive, and so it is not applicable in scenarios

wherecommunications are of limited bandwidth.

In [59],Matari �c usedthe conceptof basisbehaviours (control laws) for locomotion

to createcomplexgroupbehaviours. For example,by performinga sumof the outputs

from the safe-wander, disperse, aggregate and home behaviours, a 
o cking group

behaviour was created. Descriptionsof the behaviours are given below:

� Safe-wander: agents move around the environment whilst avoiding collisions.

� Disperse: agents maintain an arbitr ary minimum distancefrom oneanother.

� Aggregate: agents maintain an arbitrary maximum distancefrom oneanother.

� Home: agents can navigate to a prede�ned regionof the environment.

� Flocking: agents have a structured movement that minimises interferenceand

protects individuals.

Both the 
o cking and a foraging group behaviours were implemented on a group

of mobile robots, known as the \ Nerd Herd". See�gure 2.11 for a photograph of

the Nerd Herd. However, thesebasisbehaviours could not provide provable optimal

solutions in complex domains. In [58], Matari �c introduced social learning between

mobile robots, in which robots learnt how to perform a behaviour through imitation

and when to perform it through social facilitation . In essence,the robots could

perform mimicry. Descriptionsof thesesocial behaviours are given below:

� Imitation : the abilit y to observe and repeat behaviour.
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� Social facilitation : the processof selectively expressingcertain behaviours.

� Mimicry : the abilit y to repeat the behaviour of another robot, without under-

standing the goal.

In order to learn the behaviour of other robots, Matari �c proposedthree forms of

social knowledgeand related reinforcement:

1. Direct reinforcement from movement towards goal.

2. Observation of other agent's behaviour.

3. Observation of reinforcement (reward/punishment) given to other robots.

Figure 2.11: Matari �c's \Nerd Herd" that sheused in her social learning experimentation.

The e�ectiv enessof the proposedforms of social knowledgevaried depending on

the complexity of the rule being learnt. This wasexpected. The high level of di�cult y

of certain rules,particularly altruistic social rules, would seemto lend them to genetic

learning (a biologically inspired branch of machine learning), which would be in-line

with biological studies in which animals do not learn altruism towards their kin but

are born with it [62].
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Monterio and Bicho applied a dynamical systems approach to behaviour-based

formation control. Task constraints were represented as att ractors or repellers. In

the initial casestudy three agents attempted to traversean unknown environment,

whilst maintaining a triangle formation [65]. One of the three agents was assigned

as the \leader", which had the task of driving from someinitial position to a target

location. The other two agents had the task of maintaining the triangle formation

basedupon the \leader" agent's position. The \leader"'s behaviour was generated

by the summation of an attraction force-let (which attracted the systemtowards the

target direction) and a repulsion force-let (which repulsedthe systemaway from ob-

stacles).The behaviour of the other agentswascreatedby the samesystemdynamics;

the \leader" was the target. One of the agents attempted to stay to the left of the

\leader", the other the right. In [14], they applied the research to a two robot case,

attempting to maintain column, oblique and line formations. In simulation, they

extended the number of robots up to six. In both sets of experiments, simulation

studiesshowed that smooth tra jectoriesweregeneratedwhich avoidedcollisionswith

other objects within the environment.

Balch et al. [6] madesomeinteresting observations about communication within

reactive multi-rob ot systems. They showed that communication improves system

performancesigni�cantly in tasks wit h little implicit communication | communica-

tion via changesto the environment which other robots can detect. For example, the

foraging task described in section2.2.4. In-line with these�nding they also showed

that, communication in tasks with implicit communication such as graze (discussed

in section 2.2.2), was unnecessary. They also found that complex communication

methods | the transmissionof a robots current goal, gave little bene�t over a basic

communication methods | the transmissionof robots current state.

Minguez et al. [63, 64] introduced a reactive controller, the NearnessDiagram

(ND) algorithm, that navigated a robot to a goal location whilst avoiding obstacles.

It also actively avoided local trap situations in \U" shaped obstaclescommon in

potential �eld methods (seesection 2.6.1 for more details on the limita tions of the

potential �eld method). The algorithm wasdeployed on a singlerobot in a number of

highly clutt eredand dynamicenvironments. In all experiments, the robot successfully
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navigated the environments avoiding collisionsand trap situations.

The systemas shown in �gure 2.12works as follows 1:

Figure 2.12: Basedupon sensoryinput and a target location. The robot decideswhat situation it

is in, and performs the related motor commands.

1. The robot collects sensorydata and is given a goal location. The robot looks

for gaps within the obstacle distribution; the closestgap to the goal that is

navigable is de�ned as the free walk area.

2. Basedon the available data the algorithm attempts to match the current en-

vironment sit uation with a number of pre-de�ned situations. This is achieved

through traversing a binary decisiontree basedon a number of criteria. One

of four criteria are activated basedon the existenceand position of obstacles

within the security zoneof the robot. Criterion one is the safety criterion: this

is either high safety (if no obstaclesexistswithin the security zone)or low safety

(if obstaclesdo exist) . If the robot is in low safety, criterion two is activated

(the dangerousdistribution criterion). This is in either oneof two states: Low

Safety One (LS1) in which obstaclesexist on onesideof the security zone,and

Low Safety Two (LS2) in which obstaclesexist on both sides. If the robot is in

1It is noteworthy to detail the system further, as the ND algorithm will be usedas the reactive
controller, in the hybrid system usedin chapter 7
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high safety, criterion three is activated (goal within freewalk areacriterion). If

the goal is within the free walk area | the robot is in the High Safety Goal in

Region(HSGR) state. If not, criterion four is activated (wide/narrow walk area

criterion): this is in either oneof two states,High Safety Wide Region(HSWR);

if the robot's freewalk areais wide, High Safety Narrow Region(HSNR); if the

robot's free walk area is narrow. Examples of each situation are given in �gure

2.13.

3. Each situation has a set of actions related to them that will solve the task of

avoiding obstacleswhilst moving towards the goal. Seetable 2.1 for details.

4. Once the set of actions has beencompleted, this processis repeated until the

robot is at the goal.

Table 2.1: Nearness Diagram algorithm. Situation | Action relationships.

Situation Action

LS1 Move the robot away from the obstacle,and towardsthe
closestgap of the free walk area.

LS2 Centre the robot between the two closestobstaclesat
both sidesof the gap of the freewalk area. Whilst mov-
ing towards the gap.

HSGR Drive the robot towards the goal.
HSWR Movesthe robot alongsidethe obstacle.
HSNR Drivesthe robot through the centre of the freewalk area.

In [29], Chaimowicz et al. implemented dynamic role assignment within a group

of co-operative mobile robots, which had the task of searching an environment for a

number of targets and moving them to a pre-de�ned location. In order to encourage

co-operation each target required more than one robot to manipulate it. A number

of roleswhich correspondedto motor controllers were de�ned prior to the task:

� Exploration which involvesa random search of the environment.

� Attach Lead which is activated when a robot discovers a target. The robot

broadcaststhe available task and the number of required robots.
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(a) (b)

(c) (d)

(e)

Figure 2.13: (a) Low safety 1 example. (b) Low safety 2 example. (c) High safety goal in region

example. (d) High safety wide region example. (e) High safety narrow region example.
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� Approach in which robots move towards a target.

� Attach in which robots are closeenough to a target in order to manipulate it.

� Transport in which robots co-operate to manipulate a target to the desired

location.

Robots switch among roles in a way that is dependant upon current state and

broadcast information from the leader robots. Experiments were conducted with

twenty holonomic (this term meansthat the robots can move freely along their x

and y axes) robots and thirt y target objects randomly distributed throughout the

environment. The number of robots neededto transport an object wasalsorandomly

distributed betweentwo and �v e robots. Positional information and communication

was presumedto be error free. The results showed that the task completion time

was related to the number of role re-allocations, with the time increasing with a

lower number of re-allocations. This was expected, as the lower the number of re-

allocations, the more likely a robot would be in an exploration role, and hencenot

able to transport an object.

A newer area of research for robotic control is that of arti�cial immune systems.

One such system is the Dendritic Cell Algorithm (DCA) originally developed for

network security by Greensmithet al. [46], and deployed in mobile robots by Oates

et al. [67]. They implemented the DCA as the highest layer within a subsumption

architecture. The systemwasimplemented in the security robot domain | the DCA

wasusedto classifyobjectswithin an environment aseither normal or anomalous.For

example,a door that is open (that is normally closed)is classi�ed as an anomalous

result. It is suggestedthat once an anomaly is reported, a human security guard

would be noti�ed. Currently the systemis in its infancy; it has beendeployed on a

Pioneerrobot (a commonresearch robot) with the safesignal beingsourcedfrom the

laser range �nder, the dangersignal being sourcedfrom the sonararray, and �nally

the PAMP (or signature of abnormal behaviour) being provided by the camera. In

the setof initial experiments conductedby Oateset al., the Pioneerrobot traversedan

environment classifyingsmall pink obstaclesas anomalous(as the laser range �nder
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did not detect them), and large pink obstaclesas normal (as the laser range �nder

detectedthem).

2.3.2 Delib erativ e Systems

The traditional approach to robotic control is to decomposethe system into func-

tional modules as shown in �gure 2.14. Typically the perceive module involves the

robot collecting sensor information to create a current state/world model. In the

reasonmodule, the robot calculates how to get from this current state to the de-

sired state. Finally the act module involves the robot executing a number of tasks

computedin the reasonmodule. Thesemodulesare continuously looped until a �nal

state/world model is reached. The e�ciency of deliberative systemsis reliant upon

a static environment. Dynamic environments causedelays, due to loopsbetweenthe

perceive-reason modules.

Figure 2.14: Robots collect information about the environment/task, decidewhat to do, then per-

form the necessarymotor commands.

STRIPS (STandford Research Institute Problem Solver) is a typical example of a

deliberative system [40]. STRIPS was given a problem spacede�ned by the initial

state of the world, a set of operators (action routines e.g. push box), with precon-

ditions, post-conditions and a goal condition. STRIPS then attempted to identify

operators that reducedthe di�erencesbetweenthe present world model and the goal.

STRIPS was able to solve three general robotic tasks: turn on light switch, push

three boxestogether, and go to a location in another room. If given an accuratemap

of the environment and the starting locationsof the three boxes,the light switch and

itself. The tasks were not implemented in the physical domain; instead the solution

was demonstratedin simulation only.

Action selectionmethods such as Bonet et al. looked at the problem of planning

as a real time heuristic search problem [16], in which the search spaceis limited and
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agents move in constant time. The problem wassplit into discretetime intervals and

the agent madea decisionat each stepas to what to do next. They proposedthe ASP

algorithm | a combination of a real-time A* (best-�rst, graph search) algorithm and

a heuristic function. Over a number of block world problemsthey comparedit against

Kautz et al.'s SATPLAN (a combination of a stochastic search algorithm and problem

encodings basedupon propositional logic [51]), and Blum et al.'s GRAPHPLAN (a

STRIPS-like planner which always returns the shortest possiblepartial-order plan, if

a valid plan exists [15]). The ASP algorithm performancein the simple problemswas

comparable.However, in the more complexproblems,the ASP algorithm performed

the best, in terms of number of stepsneededto compute a solution. Thesesolutions

were inferior to SATPLAN's solutions, although still reasonable.

Many early deliberative systems relied upon complete information of the environ-

ment in order to construct plans. A number of approacheshave beenput forward for

planning with incomplete information (initial state not known, sensoryinformation

available). Bonet et al. extended their previous work by formulating a plan with

incomplete information into a problem concerninga heuristic search in belief space

[17, 18]. The Real Time Dynamic Programming (RTDP) algorithm was proposed

which combined a real time greedysearch algorithm with dynamic programming up-

dates. The RTDP producedresultswhich werecompetitiv e with the best conformant

planners (CGP | a graphplan basedplanner that producesnon-contingent plans

whenfacedwith uncertainty [83] and CMBP | an algorithm that returns a set of all

possibleconformant plans of minimal length, if such solutions exist [30]).

Etzioni et al. [38] provide an extensionto STRIPS with the important assump-

tion that the information collected about the world state was correct. The SNLP

algorithm (a STRIPS-like planner [61]) was extendedto allow plans to be generated

with incomplete information. The algorithm was shown to be successful in solving

problemsin the UNIX domain. Petrick et al. [75] alsotackled problemsin the UNIX

domain (planning to achieve UNIX goals,using UNIX shell commandsas primitiv e

actions). They usedthe conceptof the plannersknowledgestate. Any actions taken

were modelled in such a way that they modi�ed the knowledge state of the plan-

ner, not the physical state of the environment. This high level abstraction madethe
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systemmuch more scalable than previousplanning with incomplete information sys-

tems. As with other incomplete information systemsinferential power was sacri�ced

for speed.

Parsonset al. proposeda path planner for multiple mobile robots, which gave

completecollision free solutions [73]. The environment was modelled as a bounded

planar workspace. Obstacleswithin the environment were known a priori and of

generalpolygonal shape. Robots were convex polygons. The task was to generate

paths for each robot from a staring location to a target location, avoiding collisions

with obstaclesor other robots. A cell decomposition of freespacewascomputed(this

involved computing the free spaceof a single robot and then computing the sub-set

of this free spacethat upheld an inter-robot constraint) and the resulting adjacency

graph was searched for a path.

In [54],Leroy et al. tackled the path co-ordination problemfor hundredsof robots.

The path co-ordination problem can be de�ned as: n robots within an environment

compute independent paths, co-ordinating when necessaryto avoid collisions with

oneanother. Again, a cell decomposition approach was applied. However, instead of

computing the exactshapeof obstacles,a boundingbox representation wascalculated

(see�gure 2.15). A classiccell decomposition approach wascomparedto the bounding

box approach. The bounding box approach improved the scalabilit y of the system

somewhat. Indeed,resultsshowed that the systemcould generatecollision freepaths

for hundredsof robots within a reasonableamount of time e.g. a 150 robot casein

under 5 minutes.

Chand et al.'s book retrieval robot [69] relied upon information given a priori .

In fact the available routes it could take whilst moving to and from bookcaseswas

embeddedwithin the environment ( by utilising 
o or markings). The robot followed

these markings using an infrared line follower. What happened to the robot if it

lost the line was not discussed.The task of retrieving a book was divided into sub-

tasks: go to bookcase,retrieve book and bring book to loan area. Each task was

programmedasa separatebehaviour (motor controls), each of which were completed

in sequence.
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(a) (b)

Figure 2.15: (a) Cell decomposition of environment. (b) Bounding box representation of environment

and generatedpath.

2.3.3 Hybrid Systems

Hybrid robotic systemsaim to merge the bene�ts of deliberation with the robust

nature of a reactive system. It is arguedthat purely reactive robotic systems are not

appropriate for every possiblerobotic application. For example,on an assembly line

the world (from the robot's point of view) canbemodeledrelatively accurately, and so

a deliberative approach would be preferred. However, purely deliberative approaches

can encounter di�culties when situated within the real (highly dynamic) world.

Arkin was one of the �rst to suggestthe useof deliberation in conjunction with

a reactive control scheme to improve performancein robot navigation [1, 4]. The

Autonomous Robot Architecture (AuRA), also used in [7] (as discussedin section

2.3.1), takes advantage of two types of world knowledge: (1) Persistent knowledge

which is information concerningthe environment givena priori that is relatively static

and (2) Transitory knowledgewhich information collecteddynamically as the robot

moves around the environment. This knowledgewasnot a prerequisitefor navigation

but resulted in a more e�cien t and 
exible navigation. It should also be noted that

this knowledgewasonly usedwhenneededand only to recon�gure the reactivecontrol

schema. A number of experiments wereconducted on real robots including a docking
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task in which a robot had the task of navigating a cluttered environment towards

its chargestation. The robot never computed a global path; instead it continuously

reformulated its motor schema'sbasedupon sensoryinformation.

Arkin et al. considereda line of sight constrainedapproach to multi-rob ot explo-

ration [3]. The line of sight constraint was a method of simulating communication

constraints that may occur in a real world application. For example,a group of mo-

bile robots exploring a building, with a high amount of metal in the structure may

not be able to rely on the traditional RF method of communication. Two types of

line of sight werede�ned:

� direct: in which a robot r can directly senserobot a.

� indirect: in which a robot r can directly senserobot a, which can directly sense

robot b. Thereforerobot r can indirectly sense robot b.

Three navigation strategieswere proposed| the �rst approach \anchored wan-

der" was a purely reactive system, in which one member of a team of robots acted

as the communications \anchor". This robot did not move from its initial position

within the environment. The other robots wanderedaround the environments in se-

quence(only one robot was moving at any one time) until a breach of the line of

sight rule occurred, in which casethe robot backtracked. The secondstrategy was

the \Quadrant-biased anchored wander"; in this method a limited amount of world

knowledgewas given to the team of robots a priori . The environments in which ex-

periments took placewere divided into quadrants; the knowledgegiven a priori was

the quadrant in which a target resided. Each robot within the team (apart from the

\anchor" robot) had its motion biasedtowards the direction of this quadrant. In the

third and �nal strategy, (i.e. the \informed exploration") approach more environ-

mental knowledgewas given to the team of robots a priori . The team was given a

rough estimateof the location of a target and enoughmap information to allow path

planning. Resultsshowed that in a relatively simple environment knowledgewasnot

a necessity, with the \anchored wander" reaching 95%coverage.However, in a more

complexenvironment knowledgeprovided a signi�cant advantage.
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Clark et al. introducethe conceptof dynamic networks, whererobots with limited

sensingrange formed local networks of robots ad hoc during a task. A centralised

planner (oneper network) plotted collision freetr ajectoriesin both 2-dimensional[33]

and 3-dimensional[32] environments. See�gure 2.16 for an exampleof two robots

forming a dynamic network in order to plot collision freepaths. After the tra jectories

had beenplotted it wasup to the individual robot's reactive controllers to avoid any

unexpected obstacles,until a new tra jectory was planned. Experiments conducted

on real robots validated the systems' performance on groups of up to 8 robots in

environments containing 5 stationary obstaclesand 5 moving obstacles.

Figure 2.16: Two robots form a local network and collision freetra jectories are plotted (solid lines).

Another robot, outside of the local group plans a tra jectory (non collision free). The solid circles

represent the robots' sensorrange. The dashedcircle the local group radius.

Liu et al. proposeda hybrid architecture for a robot football team [55], where

appropriate behaviours were executedbasedupon estimations of applicability. For

example,the closera robot wasto the opponent's goal the higher the applicabilit y of

the \shoot" behaviour.

Jarvis et al. useda deliberativeplanner to �nd a solution to a Travelling Salesman

Problem (TSP) [76]. The solution was then usedby robots as their optimum path

through a partially known environment. They tackled a search and rescueproblem in





2. litera ture review 35

main concernwas to provide unpredictable tra jectories to a mobile robot which was

traversing a known environment. It is important to note that the tra jectories were

unpredictableto an observer, but deterministic and sothe robots' supervisor knew in

advancethe future positionsof the robot. This is useful in situations werethe super-

visor would like to know the path of the robot a priori . The tra jectories were sent

to a motion control layer. No obstacle avoidancewasundertaken in the experiments.

However, adding such a processwould be tr ivial.

Buckhard et al. integrated a Belief-Desire-Intention (BDI) type architecture into

their robot football team [27]. BDI hasan advantage over traditional Arti� cial Intel-

ligence(AI) in that reasoningcan be donein real time. A snapshotof environmental

data was de�ned as the world. This data could be incomplete or incorrect. Hence

this set of worlds wasde�ned asa set of believed worlds. As an agent can act in these

worlds in a number of ways, a sub-setof worlds known as desired worlds existed. As

only a sub-setof theseworlds will be obtainable due to constraints, an agent had a

choice from a set of intended worlds. In a game of football the set of desired worlds

would consistof an ordered(in terms of utilit y) set of options e.g. scoregoal, inter-

cept ball and block ball. The set of intended worlds would consistof `intercept ball'

and `block ball' as the agent needsthe ball in order to scorea goal. As the global

goal is to win the match which involvesscoringgoals,which necessitateshaving the

ball, `intercept ball' has a higher utilit y. The option of `intercept ball' wasrealisedby

a number of skills (con�gurable plans) which consistedof the basicbehaviours of the

agent i.e. run, kick and dribble. The systemwas successfullydeployed on the joint

RoboCup '98 world champion team | AT Humboldt.

2.3.4 Critical Analysis of Rob otic Arc hitectures

As discussedin section2.3.1, reactive systemsdo not take advantage of any knowl-

edgegathereda priori and avoid the useof abstract representation. It is suggested

that such techniquesare time consumingand ultimately futile in highly dynamic en-

vironments, as the more complex the environment, the more computation is needed.

Although this is true to an extent, computational power has increasedrapidly since
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the initial conception of both deliberative and reactive systems. Reactive systems

simply react to the current state of the environment basedupon recent sensorinfor-

mation. As such, the e�ciency of a reactive systemis highly tied to the e�ciency of

the sensors| morepreciseinformation about the environment leadsto better action

selection;converselypoor information about the environment can lead to poor action

selection. From a solution point of view, reactive systemsdo not guarantee near-

optimal solutionsdue to their inherent lack of knowledgeof the environment/task |

indeed they do not guarantee any solution. Reactive systemsare generallycon�ned

to relatively simple, non-critical tasks whereknowledgeof the environment is unnec-

essaryand the simplicity of the task leads to cheap manufacture, e.g. the vacuum

robot, Roomba.

Deliberative systemsasdiscussedin section2.3.2useinformation gathereda pri-

ori about the environment/task to plan a near optimal solution. Early deliberative

systemswere dependant upon complete and accurate information; any unexpected

event led to either poor performanceor total task failure. Techniquesthat incorpo-

rated the useof incompleteand inaccurateinformation have improved the robustness

of deliberative systems signi�cantly. As noted, the improvement of processingpower

hasalsoallowed deliberative systemsto enter moredynamic environments. However,

they still su�er from poor performance in highly dynamic environments. Similarly

to the reactive systemsthat rely upon e�cien t sensorinformation, deliberative sys-

tems rely upon e�cien t mapping and localisation techniques. Deliberative systems

are generallycon�ned to static robots in manufacturing applications, as the \w orld"

can be assumedto be known and all possibleeventualities can be pre-determined.

Recent robotic systemstend to usehigh level deliberative plannerscombined with

low level reactive controllers. Thesehybrid systemsas described in section2.3.3at-

tempt to gain the bene�ts of both systems,whilst minimising their drawbacks. They

attempt to get asnearoptimal solutionsasfeasiblypossiblein dynamicenvironments.

Generally, they will stick to a near-optimal path within an environment/task unless

forced to leave it by an unexpected event, where they will attempt to reacquirethe

near-optimal path as soon as possible. Hybrid systemsare often deployed in situa-

tions that require highly robust controllers, but someguarantee of task completion
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is required, for example,a number of security mobile robots usereactive controllers

to navigate the environment avoiding collisions. Just implementing a reactive system

would not guarantee completecoverageof a given area. Hencea deliberative planner

is usedto force the robot to travel to di�eren t points within the environment.

2.4 Multi-rob ot Taxonomies

Section2.3described the architecturesemployedon individual robots. In this section,

a number of possiblemulti-rob ot taxonomieswill bediscussed.Oneof the taxonomies

will be usedto categorisethe multi-rob ot systemsin section 2.5 as well as the new

multi-rob ot systempresented in chapter 4. This sectionwill concludewith a critical

analysisof themulti-rob ot taxonomiesand an explanationon the choiceof taxonomy.

2.4.1 Balc h

Balch proposedtaxonomiesfor multi-rob ot task and reward [5]. The research was

centred around the use of reinforcement learning techniques for training groups of

robots.

Balch's taxonomy of reward is given in table 2.2. In this taxonomy, �v e salient

featureswere proposed.Thesefeaturescanbe combined to describe a systemsreward

structure. Reward structures di�er between systemsas, in certain situations, the

reinforcement function may not be the sameasthe performancemetric. For example,

if the robots within the systemdo not provide enoughinformation, via their senors,

for their performanceto beevaluatedaccurately. As with the task taxonomy example,

a reinforcement learning technique can be classi�ed using the reward taxonomy.

Balch's taxonomy of task is given in table 2.3. Six salient featuresof a task were

proposed.By combining thesesix featuresit is possibleto classifyany givenproblem.

For example, the foraging task as described in section 2.2.4 can be classi�ed as:

TIME LIM (assuminga time limit is given); OBJECT BASED; RESOURCE LIM;

COMP INT; and SINGLE AGENT. A `Criterion' is not chosenas, in this case,the

task was not an unlimited time task.
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Table 2.2: Taxonomy of reward.

Feature Description

Source of rew ard
INTERNAL SOURCE Reward is internal basedon sensorvalues.
EXTERNAL SOURCE Reward is generatedby external agent.
COMB SOURCE Combined internal and external reward.
Relation to performance
PERFORMANCE Reward is tied directly to performance.
HEURISTIC Reward basedon intuitio n of state value.
Time
IMMEDIA TE Immediate rewards are provided.
DELAYED Reward is delayed.
Con tinuit y
DISCRETE Reward takeson several discretevalues.
CONTINUOUS Reward drawn from continuous interval.
Lo calit y
LOCAL Individual agents receive unique rewards.
GLOBAL All agents receive identical reward signal.
COMB LOCALITY Combination of local and global.

2.4.2 Farinelli

Farinelli et al. introduced a taxonomy basedupon the level of communication and

co-ordination among robots within a team [39]. A hierarchical view of the taxonomy

is shown in �gure 2.18. The �rst layer (top) distinguishesbetweenco-operative and

non co-operative teamsof robots. The second layer represents the level of knowledge

members of a team of robots has about one another. The third layer is concerned

with the mechanismsusedfor co-ordination, if any. The �nal layer is concernedwith

the architecture communication/co-ordination of the system: that is, a centralised or

distributed architecture.

A brief description of each categoryof the taxonomy is given below:

1. Unaware: where robots act individually within a group and do not recognise

group members.

2. Aware | not co-ordinated: whererobots can di�eren tiate group membersfrom
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Table 2.3: Taxonomy of task.

Feature Description

Time
TIME LIM Fixed time task.
TIME MIN Minimum time task.
TIME UNLIM Unlimited time task.
SYNC Synchronisation required.
Criteria
CRIT FINITE Optimise over �nite period.
CRIT AVG Averageperformanceover all future.
CRIT DISC Discount future performancegeometrically.
Sub ject of action
OBJECT BASED Movement/placement of objects is important.
ROBOT BASED Movement/placement of robots is important.
Resource limits
RESOURCE LIM Limited external resources.
ENERGY MIN Minimum energytask.
COMP INT Competition betweenteam members for resources.
COMP EXT Team competeswith external agents.
Group movement
CONVERGENCE Multiple robots converge.
COVERAGE Multiple robots disperse.
MOVEMENT TO Movement to a position.
MOVEMENT WHILE Movement while maintaining position.
Platform capabilities
SINGLE AGENT A singleagent can perform the task.
MULTI AGENT Multiple agent are required.
DISPERSED Agents must be dispersed.
SENSORCOMPLETE Robots can senseall relevant features.
SENSORLIM World is only partially observable.
COMM Communication amongst robots is required.

the environment but still work individually (t ypically only simple communica-

tions methods are usedto avoid interference).

3. Weakly co-ordinated: where the group does not use any form of explicit co-

ordination. Instead, co-ordination is typically an emergent property of the

system.
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4. Stronglyco-ordinated | stronglycentralised: groupmembersrely upon a `leader'

robot/agent to co-ordinatetasks.

5. Strongly co-ordinated | weakly centralised: groups do not assign a `leader'

robot a priori , the assignment is task/environment dependant.

6. Strongly co-ordinated | distributed: group members do not rely upon any

`leader' robot/agent; each robot makesits own decisions.

Figure 2.18: Taxonomy of communication and co-ordination.

2.4.3 Dudek

Dudek et al.'s taxonomy was�rst proposedfor swarm robotics [36]and later extended

to the moregeneralcaseof multi-agent robotics [37]. The taxonomy is shown in tables

2.4 and 2.5. The original taxonomy for swarms is highlighted with an asterisk. An
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exampleclassi�cation basedupon Dudek et al.'s taxonomy of a robot football system

(asdescribed in section2.2.6) could be asfollows: SIZE-LIM; COM-INF; TOP-ADD;

BAND-MOTION; ARR-DYN; PROC-TME; and CMP-HOM.

Table 2.4: Taxonomy of Multi-agent robotics (part 1).

Feature Description

Collectiv e recon�gurabilit y*
ARR-STATIC Static arrangement. The topology is �xed.
ARR-COMM Co-ordinatedre-arrangement. Re-arrangement

betweenteam members that communicate.
ARR-DYN Dynamic arrangement. The relationship of

team members can changearbitrarily .
Pro cessing abilit y*
PROC-SUM Non-linear summation unit.
PROC-FSA Finite state automaton.
PROC-PDA Push-down automaton.
PROC-TME Turing machine equivalent.
Collectiv e comp osition
CMP-IDENT Identical. The collectiv e is made up of homo-

geneousrobots. Both in terms of hardwareand
software.

CMP-HOM Homogeneous. The collective is made up of
robots with the samehardware.

CMP-HET Heterogeneous.The collective is made up of
robots with di�erences in hardware.

2.4.4 Gerk ey

Gerkey et al. proposea taxonomy of Multi-Rob ot TaskAllocation (MRTA) problems

[43]. The following three axeswereproposed:

� Single-taskrobots (ST) vs. multi-task robots (MT) .

- ST meansa robot can only perform one task at a time. MT meansa robot

can perform multiple tasks at once.

� Single-robot tasks (SR) vs. multi-rob ots tasks (MR).

- SR meansthat each task requires onlyone robot to complete it. MR means
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Table 2.5: Taxonomy of Multi-agent robotics (part 2).

Feature Description

Size of the collectiv e*
SIZE-ALONE 1 robot. The minimal collective.
SIZE-PAIR 2 robots. The simplest group.
SIZE-LIM Multiple robots. The number of robots is rela-

tiv ely small to the sizeof the task/environment.
SIZE-INF There is e�ectiv ely an in�nite number of

robots.
Comm unication range
COM-NONE Robots cannot communicate with other robots

directly. Indirect communication is still possi-
ble.

COM-NEAR Robots can only communicate with other
\nearby" robots.

COM-INF Robots cancommunicatewith any other robot.
In�nite communications range.

Comm unication top ology*
TOP-BROAD Broadcast. Robots communicate with all

robots in the collective or none.
TOP-ADD Address. Robots can communicate with arbi-

trary robots using a unique address.
TOP-TREE Tree. Robots are linked in a tree structure and

can only communicate through this hierarchy.
TOP-GRAPH Graph. Robots are linked in a graph structure.

A more general and robust form of the tree
structure.

Comm unication bandwidth*
BAND-INF Communication is free. The cost/overheadof

communication can be ignored.
BAND-MOTION Communication costs are of the samemagni-

tude of the cost moving the robot betweenlo-
cations.

BAND-LOW Very high cost. Communication costsaremuch
higher than the cost of moving from one loca-
tion to another.

BAND-ZERO No communication. Robots areunableto sense
each other.



2. litera ture review 43

that sometasks may require more than onerobot.

� Instantaneousassignment (IA) vs. time-executedassignment (TA).

- IA meansthat planning for future allocations is not possible.TA meansthat

planning of future allocations is possible.

Thesethree axesallow for a possibleeight combinations as given below:

� ST-SR-IA:

- Examples include Parker's L-ALLIANCE architecture [71, 72] and Werger et

al.'s BLE [93], as discussedin section2.5.6.

� ST-ST-TA:

- Examplesinclude Dias et al.'s market basedcontroller [35] and Parker's AL-

LIANCE architecture [70], as described in section2.5.5and 2.5.6respectively.

� ST-MR-IA:

- Examples include Fua et al.'s COBOS architecture [41] and Rekleitis et al.'s

[78] multi-rob ot localisation problem, as described in sections2.5.5 and 2.5.6

respectively.

� ST-MR-TA:

- As an example;Jenningset al.'s [50,49]multi-rob ot search and rescueproblem

is a type of ST-MR-TA problem, as described in section2.5.6.

� MT-SR-IA and MT-SR-TA:

- Thesetypesof problemarecurrent ly uncommon, asit assumesthat robots can

executemultiple tasks concurrently. This requires highly accurate actuators,

which are not typically available.

� MT-MR-IA and MT-MR-T A:

- Robot football is a good example of both MT-MR-IA and MT-MR-T A prob-

lems, the di�erence in the robot football case being the inclusion of a `coach'

agent within a team to producefuture task allocations. For example,CMUnited

[90] and Tewset al. [86], as described in sections 2.5.4and 2.6 respectively.
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2.4.5 Critical Analysis of Multi-rob ot Taxonomies

Whilst Balch's taxonomy of task can be used to categorisea wide range of multi-

robot tasks, his taxonomy of reward is heavily reinforcement learning orientated.

By changing the parameters of the taxonomy to suit other learning methods the

taxonomy couldbeexpanded.However, the taxonomy is of no realuseto non learning

systems.

The papersby Dudeket al. andGerkeyet al. provide good generalisedtaxonomies

that are able to accommodate the majorit y (if not all) of multi-rob ot systems.Gerky

et al.'s taxonomy of multi-ro bot task allocation, as the name suggests,is centred

aroundthetask that hasto becompleted(asBalch's taxonomy of task). This is unlike

Dudek et al.'s taxonomy of multi-agent robotics and Farinelli et al.'s taxonomy of

communication and co-ordination, which are centred around the multi-rob ot system.

As the aim of this thesis is to present a new multi-rob ot system, it would seem

�t to usea multi-rob ot taxonomy centred around the multi-rob ot systemrather than

the task. Indeed, the task to be completedwas not a controlling factor of the design

of the new multi-rob ot system presented in chapter 4. Farinelli et al.'s taxonomy

has beenchosenas the taxonomy to be usedthroughout the rest of this thesis as it

focuseson the communication and co-ordination aspectsof the multi-rob ots system,

which is the research area of this thesis. The relative easeof assigningmulti-rob ot

systemto categories within the systemis alsoatt ractive.

2.5 Multi-rob ot Systems

In this section, several multi-rob ot systems will be discussed.The following sections

are categorisedaccording to Farinelli et al.'s Multi-rob ot taxonomy, as discussed

above. This sectionwill be concludedwith a critical analysisof multi-rob ot systems.

2.5.1 Una ware Systems

Sugawara et al. comparedan interacting and a non-interacting systemin a task to

foragefor pucks [85]. Interaction wasin the form of robots broadcastingtheir current
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2.5.2 Aw are, Not Co-ordinated Systems

Balch et al. [8] introducedsocial potentials to tackle the formation control problem in

simulation. Dependingon the formation, each robot hada number of local attachment

sites that other robots within the group were attracted to. See�gure 2.20 for an

exampleof the attachment sites for a column formation. No global communication

protocol was needed| local sensorswereusedto detect team members and acquire

free attachment sites. This made the system highly scalable. Experiments were

conductedon groups of 1 to 8 robots. Of the four formations used(diamond, line,

column and square), the column formation produced the best performancewhen

traversing an obstacle�eld.

Figure 2.20: Attachment sites for column formation: The arrows signify the motion of the robots,

moving into formation.

In [9], Batalin et al. addressthe problem of deploying mobile sensornetworks.

They useda behaviour-basedarchitecture, as de�ned in section2.3.1. In the �rst of

three systemsdescribed, individual robots simply moved in the direction that best

improved their coverage.In the secondsystem,robots within a given distance of one

another formed coalitions, and decidedon subsequent motions basedupon relative

positions and bearings. In the third system, robots were simply repelled by other

robots within their �eld of view. This non co-ordinated approach outperformed the

co-ordinatedapproach. Both of the systemsthat could di�eren tiate other robots from

obstacleswithin the environment outperformedthe individual system.
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2.5.3 Weakly Co-ordinated Systems

Howard et al. useda potential �eld basedapproach to deploy a mobilesensornetwork

on a single 
o or of a simulation of a large hospital [48]. The potential �elds were

constructed so that each node within the network was repulsedby other nodesand

obstacleswithin the environment. The nodeswerealsosubject to viscous friction to

ensurethat the network stabilised to a static state. As a result, the algorithm solved

the coverageproblem for this environment.

Gazi also implemented a potential �eld basedapproach in which he proposedthe

use of `sliding mode control' [88] for implementing foraging and formation control

tasks [42]. The numerical simulated examplesshowed that the system would form

stable swarms and form desiredformations.

Cao et al. proposeda distributed control approach to multi-rob ot hunting, which

they termed `local interactions with local co-ordinate systems' (LILCS) [28]. Each

robot within the systemmadeits own decisionsbasedupon its current sensorreadings.

Co-operation emergedfrom local interactions within the systemthat may have been

bene�cial to the task. Results showed that the system could successfullycapture

evaders in three di�eren t simulated environments.

Lumelksy et al. [56] introduced the \Co cktail Party Model" for decentralised

multi-rob ot motion control, in an unknown environment. Robots sensedobjects

within a given range, and di�eren tiated between robots and other obstacles. At

all t imes, the robots knew their current position within the environment and their

target position. No explicit communication occurred between robots. Robots fol-

lowed a straight line path to their desiredtarget until they cameacrossan obstacle.

The robots then attempted to follow the boundary of the obstacleuntil they reached

their initial straight line path oncemore. It wasshown that an increasedsensorrange

improved the performanceof the system, as it led to robots pro-actively avoiding one

another. An exampleis shown in �gure 2.21. In �gure 2.21a,each robot has a very

limited sensingcapabilit y, and so the system is prone to inter-robot collisions. In �g-

ure 2.21b,each robot hasa much improvedsensingcapability. The result is a reduced

amount of inter-robot collisions.
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(a) (b)

Figure 2.21: a) A system with very limited sensing capability. b) A system with varied (but im-

proved) sensingcapability, as shown by the bar chart. The �gures are taken from [56].

2.5.4 Strongly Co-ordinated, Strongly Centralised Systems

In [65], (described in section2.3.1), it wasassumedthat the \leader" agent broadcast

its position to the other agents within the system. If the other agents failed to receive

the transmission(or indeed if it was never sent), the agents would have no way of

maintaining the triangle formation.

The Championsof Robocup '97, CMUnited [90], useda centralised interfacecom-

puter that wasconnectedto the camera system,which tracked all robots on the �eld

and the ball. It was also connectedto each client module, which calculated the ac-

tion primitiv esfor speci�c robots within the team, basedupon pre-gameagreements

and the current world state. The interface computer transmitted theseactions to

individual robots via RF.

In [47], Howard et al. tackle the coverageproblem, with the addedconstraint of

maintaining line of sight betweenthe robots. The real t ime simulation experiments

showed that the algorithm employed was practical for groups containing up to 50

robots. The line of sight constraint was used, as it was assumedthat a Global

Positioning System(GPS) wasnot available. Robots neededto maintain their line of
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sight in order to useeach other aslandmarks. A central algorithm cycledthrough the

following processesuntil all robots had beendeployed or the environment had been

completely covered:

� Initialisation : Robots are assignedone of three states; waiting, active or de-

ployed. All robots are initially in the waiting state apart from the anchor robot

which is deployed at the start.

� Selection: Sensor data from all of the robots is combined to form a global map

of the known environment. The next deployment location is basedon analysis

of this map.

� Assignment: The next waiting robot is assignedthe deployment location. If

the robot is unable to reach the location, due to other robots obstructing its

path, then reassignment of the deployment locations takesplace.

� Execution: Robots make their way to their deployment location. Robots move

sequentially in order to maintain line of sight.

Simmonset al. [81] described a technique for co-ordinating heterogeneousrobots

during an exploration and mapping task. Two problemswere considered;creating

a single consistent map of the environment, and how to explore the environment in

order to createthe map in the most e�ecti ve manner. Each problem wastackled in a

similar way. Each robot created its own local map using a laser range�nder. A cen-

tral mapper pooledall of the local mapstogether to createa singleglobal map. Local

mappers helped to reduceerrors in the global map through localisation techniques.

The central mapper alsoreducederrors in the global map by iterativ ely combining lo-

cal maps. The major assumptionwasthat each robot's calculation of its own position

and poserelative to oneanother, wasaccurate,and that the communicationsmethod

had a high bandwidth. During exploration, each robot constructeda bid, describing

the expected gain and cost of exploration. A central planner pooled thesebids and

attempted to assigntasks whilst maximising the global utilisatio n. During experi-

mentation the system was deployed on three environments (o�ce-lik e, random and
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obstaclefree). In the o�ce-lik e environment, two robots signi�cantly outperformed

one robot, whilst the increasein performancebetween three robots and two robots

was insigni�cant. In the random environment, groups of three robots signi�cantly

outperformedgroupsof two robots. In the obstaclefreeenvironment, the threerobot

groupsperformed the worst. From theseresults, a relationship betweenobstaclefre-

quency and group size can be observed with obstacles helping to limit inter-robot

interference.

In [68], •Ogrenet al. tackled the problemof vehicleformation control usingarti�cial

potentials and virtual leaders.The arti�cial potentials de�ned the interaction forces

amongneighbouring vehicles,virtual leaders andnearby vehicles.Virtual leaderswere

usedto herd the vehiclesinto the desiredformations and towards the goal location.

An example of virtual leadersforcing a formation of vehiclesto rotate is given in

�gure 2.22.

(a) (b)

Figure 2.22: Solid circles are vehicles,grey circles are virtual leaders. a) Initial position and orien-

tation. b) Position and orientation after a 90o rotation. Dotted and dashedcircles represent the

region of e�ect for each element within the environment.
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2.5.5 Strongly Co-ordinated, Weakly Centralised Systems

Reif et al. [77] tackled the problem of controlling Very Large ScaleRobotic (VLSR)

systems. They introduce the conceptof social potential �elds, where the motion of

individual robots was related to the resultant force imposedby other components in

the system(robots and obstacles). They de�ned threetypesof robots in their system:

� Leader robots which werenot a�ected by the forcelaws of the systemand whose

motion was either pre-planned or human controlled.

� Landmark robots were static and not a�ected by the force laws of the system.

They imposedforceson other robots in the system, and so could be used to

designateareasof interest/non-interest.

� Ordinary robots which were autonomousand their motion was a result of the

force laws of the system.

Simulations of the systemcompleting a guard task (similar to the hunting problem

described in section 2.2) and a mine-sweepingtask (similar in concept to the graze

problem described in section2.2) wereconducted.

In [82], Simmonset al., described an approach to co-ordinatethree heterogeneous

robots in order to solve an assembly problem. Each individual robot's architecture

was made up of three layers: a planner, that solved high level goals; an executive

that sequencedand monitored tasks; and a behavioural layer which interfaced with

sensorsand actuators to provide low level commande.g. obstacleavoidance. Each

of theselayers interacted with thoseabove and below it. In the multi-rob ot situation

each layer could interact with the corresponding layer of another robot. See�gure

2.23for an exampleof two robots' architecturesco-ordinating at individual layers. By

enablingthe planner layersto interact, global resourceutilisation could be improved.

This was doneby the robots bidding to becomethe leaderof the group. This leader

robot negotiated with other robots to form teams and assigntasks to them, as well

as monitoring progressand adapting the plan if new needsarised. The robots could

alsonegotiatewit h other (non leader) robots in order to carry out an assignedtask.
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Figure 2.23: Each layer can interact with neighbouring layers, and corresponding layers on other

robots.

Dias et al. [35] introduceda market-basedcontroller with opportunistic leaders.

Market-basedcontrollers for multi-rob ot systemswere �r st introduced by Stentz et

al. [84]; they were basedupon the \free market" system from economics. Robots

bid and negotiateto carry out tasks. Both co-operation and competition are utilised,

to gain the maximum net pro�t for the \mark et", whilst also maximising individual

robot's personal pro�ts. Dias et al. extend this work from single-party, single-task

negotiationsto multi-part y, multi-task negotiations| this enabledthe groupsto es-

cape local minima in the solution space. Leaderswereusedwithin groupsto provide

better solutions (leadershad accessto global state information). A distributed trav-

elling salesmanproblem was attempted in simulation. The problem was de�ned as

follows:

A group of robots, with di�eren t starting locations, in a known environ-



2. litera ture review 53

ment, had the task of visiting a number of pre-de�ned locations within
the environment, whilst attempting to minimise the time taken for each
location to be visited.

Each robot wasgiven a map of the environment a priori and, basedon this map,

each robot could assesthe individual cost of visiting each location. Individual robots

bidded to visit each location, whilst trying to maximise their revenueand minimise

their costs. The architecture was shown to signi�cantly improve the team solution

through a seriesof `city-for-revenue' dealsbetweenpairs of robots.

Fua et al. tackled the problem of multi-rob ot task allocation (with limited com-

munications range),and, in doing so, intr oducedthe `Co-operative Back-o� Adaptive

Scheme'(COBOS) [41]. Initially , each robot started assumingit could solve all tasks.

During the experimentation, tasks were generatedby a central planner at random,

making a priori planning impossible. This was an attempt to mimic a dynamic

environment. Information about the tasks and robots was broadcastamong robots

within communications range. If a robot left communications range,the information

held about it i.e. state of task being attempted, was stored and only changed once

the robot re-entered communications range. Hence,it was unknown whether or not

a robot outside communications range had completeda task or had failed. Robots

learnt through \experience" whether or not they could perform a task in that they

back-o� from a task if they estimated the time it would take them to complete the

task was longer than the group computed averagetime. Each task had a number

of requirements associated with it. For example, a robot without a gripper would

not attempt a task that had the requirement \manipulate object" associated with it.

Experiments wereconductedunder simulation which veri�ed the e�ectivenessof the

proposedscheme.

2.5.6 Strongly Co-ordinated, Distributed Systems

Zlot et al. [95]useda market-basedapproach to solve a multi-rob ot exploration prob-

lem. Unlike the weakly centralised approach by Dias et al. [35], their approach was

entirely distributed i.e. no leaderrobots were used. Price information was usedas a

meansof low bandwidth communication. The systemwasdeployed on three di�eren t
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environments: a large indoor open space;an outdoor area with a limited number of

static obstacles;and an indoor areawith numerous static and dynamic obstacles.Ne-

gotiation basedstrategieswereshown to signi�cantly outperform a greedyalgorithm

basedsystemand a no communication based systemin each environment.

In [78], Rekleitis et al. tackled the two robot caseof the multi-rob ot exploration

problem. Each robot usedthe relative position of its team mate (each robot had a

robot tracker sensor,that observed and reported the relativ e poseof the robot) to

update its own estimation of position. This helped to reducethe e�ect of errorsabun-

dant in deadreckoning. To ensurethat line of sight betweenthe team members was

maintained at all times, the robots moved in sequence(at most onerobot wasmoving

at any one time). Experiments in both simulation and on real robots validated the

hypothesisthat joint exploration and localisation can lead to more robust modeling

than odometry alone,due to the reducederror.

In [93], Werger et al. continued their previous investigation into port-arbitra ted

behaviour [91], the abstractionsand techniqueswhich Brooks implemented in his Be-

haviour Language[24], and usedto good e�ect in [60]. They introduced the Broad-

cast of Local Eligibilit y (BLE) approach to heterogeneousmulti-rob ot co-ordination.

During a task, an individual determinesits eligibili ty to perform a sub-task; this was

comparedwith the best eligibilit y calculated by other members of the group. The

robot with the best eligibilit y claimed the sub-task and henceinhibited the related

behaviours of other membersof the group. If the robot completingthe sub-taskfailed,

it was freed and was immediately available to be claimed by another robot. No ex-

plicit negotiation or recognition took place. Experiments wereconductedcomparing

the BLE systemagainst a standard local subsumptionsystem,a local greedysystem

(the behaviour with the highest evaluation function controls the robot) and random

controller (only the random wander behaviour was implemented). Each systemhad

the task of navigating an environment attempt to track a number of targets (similar

to the surveillanceproblem described in section2.2). Results showed that the BLE

signi�cantly outperformedall other systemsin the scenario.

Jenningset al. presented an algorithm for distributed robotic search and rescue,

in both the two robot case[50] and the threerobot case[49]. As is shown in �gure
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2.24,the problemwassplit into two sub-problems.At �rst the robots \search" for the

target: i.e. the robots move around the environment in a random fashion until they

found an object. In the secondsub-problem, the robots \rescue" the target. This

problem is only activated once an object is found. The robot that discovered the

object transmitted a broadcastmessage,giving its current position. All other robots

in the system made their way to the broadcasting robot. Once two robots were

at the object they would attempt to manipulate the object to a pre-speci�ed goal

location. No explicit transmission of messagesor internal states occurred between

robots. Instead, each robot could make remote procedurecalls on other robots in

their team. Robots could retire from a task if they detecteda fault i.e. low battery,

in which casethe robot that was left would attempt to �nd a substitute robot, by

explicitly requestinga new team member.

(a) (b)

(c) (d)

Figure 2.24: Three robots (circles) are required to rescuethe target (rectangle). (a) Robots search

the environment (S). (b) One robot �nd s the target and broadcasts(B) a messagefor assistanceto

the other robots. (c) Robots make their way to the target location (T). (d) Robots manipulate the

target (M) to the desired location. Dashedline represents inter-robot communication. Dotted lines

represent desiredpaths of the robots.
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Parker introducedALLIANCE, a fault tolerant architecture for multiple heteroge-

neousmobile robots in [70, 72]. The architecture was an extensionof the behaviour-

basedsystemsdescribed previously in section 2.3.1. A number of high-level behaviour

sets compete to perform tasks. The concept of motivational behaviours was intro-

ducedas a mechanism to choose betweenthesehigh-level behaviours. Each motiva-

tional behaviour had a number of inputs and one output, as shown in �gure 2.25.

The output was the activation level of the corresponding behavioural set, which was

activated oncea pre-de�ned threshold was passed.All the other behavioural setsin

the systemwere inhibited. The inputs ranged from sensoryreadingsto inter-robot

communication (broadcastingof state information). Internal motivations werealsoa

factor on the output. Impatiencewasused,to encourageindividual robots to perform

a task that had not beenundertaken by any other robot. However, a robot had the

abilit y to override the inhibitory signal from another robot, if a task assignedto that

other robot was not being completed to a certain level, i.e. the robot had stalled.

Conversely, robots alsomonitored their own progress.If they did not think they were

completing a task to the required level, they would give up and attempt a di�eren t

task. The systemwas deployed on a mock hazardouswaste cleanup task (similar to

the forageproblem discussedin section 2.2). The systemwasobserved to perform as

designed.

Figure 2.25: The behavioural setsare activated depending upon feedback, communication and state

inputs.
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L-ALLIANCE [70, 71] is a further extension to the behaviour-based approach.

The system improved upon the e�ciency of the robotic team's performancein the

wastedisposaltask, whilst maintaining the team's fault tolerance. This wasachieved

by each robot assigninga metric to how well it could completea task and how well

other robots could complete their current tasks. The metric that was calculated

was the mean completion time of the last �v e tasks. Knowing when robots should

becomeimpatient with the performance of teammatesor themselves was a major

issue in terms of performance. Three strategies were implemented; the �rst only

required the robots to usetheir own performancemeasures.The secondrequired the

robots to compare their performanceagainst the best robot they knew of within the

group. The third strategy required robots to usethe performancemeasuresof other

robots within the group. In the �rst strategy, better robots took over the tasks of

worserobots only after the worserobot had decidedto give up the task after a \fair"

attempt. In the secondstrategy, the better robots took over tasksfrom worserobots;

theseworserobots gave up performing a task oncea better robot was available. In

the �nal strategy, taskswerecompletedon a �rst come,�st served basis. With better

robots only taking over a task oncethe current robot decidedit was going to fail.

Threemethodsof choosingwhich idle task to completenext werealsoinvestigated,

thesewere: longest�rst; shortest�rst; and randomselection.Simulation experiments

were conductedwith varying numbers of robots, degreesof robot heterogeneity, and

tasks. The longest task �rst approach was quickly dismissedas it led to robots with

the worst abilit y att empting tasks. The secondstrategy (let the best robot win)

was the most successfulstrategy throughout the experiments, apart from the cases

where the robots are only mildly heterogeneous,and do not assignprogresswhen

carrying out a task, and the shortest idle task is attempted �rst, in which casethe

third strategy (give robots a �gh ting chance)performedthe best.

2.5.7 Critical Analysis of Multi-rob ot Systems

As discussedin section 2.5.1, robots that are members of unaware systemsact as

individuals and have no concept of `the team'. No explicit communication or co-
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ordination occurs between members of the system. Robots make decisionsbased

upon the positions of other agents (team members or other elements of the system).

In the mostgeneralcase,this beinga decisionof \something's there, soI can't gothere

and must go somewhereelse". The solution to a task is not achieved asa group | it

is achieved as individuals. Solutions are more or lessalways sub-optimal. Unaware

systemsare often the benchmark systemsused by multi-rob ot systemsresearchers

to comparethe e�ectiv enessof another system'scommunication and co-ordination

against. Indeed, this is the casein this thesis. The non-sharingsystemdescribed in

chapter 4 is of the unaware type.

Section 2.5.2 describes a number of aware, not co-ordinated systems. A robot

in these systemscan distinguish other team members from other elements of the

environment. However, there is still no explicit communication or co-ordination.

These systemsact in similar fashion to the unaware systems,but the recognition

of team members allows the system to reduce the amount of interferencebetween

team members during a task. Aware, not co-ordinated systemsare reliant upon

their `team member detection' sensor.If this fails, the systemreverts to an unaware

system. False positive and false negative team member recognition can also be an

issue,both of which a�ect the performanceof the systemin the given task. Aware,

not co-ordinated systemsoften appear in simulated environments wherethe reliabilit y

of the `team member detection' sensorcan be guaranteed.

Weakly co-ordinated systems,asdiscussedin section2.5.3,sharethe propertiesof

the abovesystemsin that they do not useany form of explicit co-ordination. However,

they do employ the useof implicit co-ordination. Team behaviours are an emergent

property of local interactions within the system. Weakly co-ordinated systemshave

the bene�t of being simple to designdue to the lack of a complicatedco-ordination

strategy, coupledwith the additional bene�t of the designerhaving knowledgeof how

the systemwill react in an environment a priori . Due to this limited co-ordination,

the level of complexity of the task being undertaken is also limited in nature.

Section2.5.4describes the stronglyco-ordinated, stronglycentralised typeof multi-

robot system,in which a group of robots is controlled or led by a designated`leader'

robot or by a remote PC. The `leader' agent makes sure that the system is always
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moving towards a solution and givesthe designerof the systemyet more assurances

of the behaviour of the system in a given environment. If undesirablebehaviour is

occurring, the `leader'agent canbe usedto changethis behaviour. The main problem

with a strongly co-ordinated, strongly centralised systemis its centr alised nature. If

the `leader'agent fails, the systemwill, at best, revert to a weakly co-ordinated system.

At worst the whole systemwill fail.

Strongly co-ordinated, weakly centralised systems,as described in section 2.5.5,

unlike their strongly centralised peersdo not assign`leader'agents a priori . Instead,

the assignment of `leaders'is task dependant. Typically, robots within the systemuse

a bidding method to discover which robot is morecapableof performing a given task.

Robots that are unable to form a bid, perhapsdue to systemsfailure, act as individ-

uals. The cost is, of course,a more complex co-ordination strategy. However, there

is the bene�t of increasedtoleranceto failure (especially in homogeneousgroups).

Finally, strongly co-ordinated, distributed systems,as described in section 2.5.6,

do not assignany agent as a `leader' | each robot within the systemmakesits own

informed decisions. Typically, each robot will have a number of individual goals to

achieve alongsidea number of team goalsto achieve, by maximising their individual

achievements robots with in the team aim to maximisethe team's achievements. The

cost of such a systemis the complex co-ordination strategy coupledwith a typically

high bandwidth communications protocol. However, allowing each robot to make its

own decisionsthroughout the task increasesthe fault toleranceand the robustnessof

the systemdramatically, if the robots are presumedhomogeneous.If heterogeneous

robots are employed, this type of systemreducesthe amount of wasted resource,as

robots are aware of what tasks they can and cannot complete.

2.6 The Poten tial Field Metho d

The potential �eld method is an analogy of the movement of electrically charged

particles in freespace.Particles of equal signsare repulsedby oneanother; particles

of oppositesignsare attracted to oneanother. Noteworthy robotic systemsthat have

implemented the potential �eld method, that have not already beendiscussedabove,
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will now be discussed.This sectionwill be concludedwith a discussionof the known

limitations of the potential �eld method, proposedsolutions from the literature and

closeswith a critical analysis.

The potential �eld method was introduced in Khatib's seminalwork on obstacle

avoidance [52], in which he took what was commonly thought of as a high level

planning problem and turned it into a low level real-time control problem. He also

envisioned a hybrid class of robotic system, in which a high level planner would

generatea global strategy, whilst a low level controller would producethe commands

to reach the goalsset by the high level planner.

In the robot football domain Tewset al. [86]useda centralised systemto plan the

actionsof team members. Only three actionswereimplemented within the system: go

to destination; kick the ball ; and halt. The central planner examined the state of the

gameand made decisionsbasedupon the robot's perspective. Potenti al �elds were

usedto determine the locationswherethe robots would carry out theseactions. One

robot was chosento kick the ball to a desirablelocation; the others moved to useful

locations. Both of thesetypesof actionswerebasedupon a potential �eld evaluation

of grid locations. The preciseaction dependedupon the state of the game i.e. at-

tacking or defending. The potential �eld was constructedbasedupon objects within

the physical �eld. For example, a base�eld which was biased towards the opposi-

tion's goal wasusedto encouragethe robots to attack, and a robot's personalregion

was used to discourageinterferencefrom other team members. Choosing desirable

locations to kick the ball to, or move robots to, werecalculated by the summation of

a number of potential �elds. Experiments showed that the systemperformed better

than a systemthat did not employ any co-ordination.

Also in the robot football domain, Damaset al. [34]useda potential �eld method

to enable a robot to dribble the ball. The potential �eld was \str etched" in the

direction of motion, in the direction of the x-axis in a non-holonomic robots case.

As shown in �gure 2.26, a non-holonomicrobot is restricted to movement along the

x-axis. As the ball wasan attractiv e forcewithin the potential �eld, the robot moved

towards it . In order to maintain contact with the ball (dribble) the inertial and

frictions forcesexerted on the ball had to be balancedwith the torque generatedat
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the contact point. The systemwassuccessfullyimplemented on the IsocRob team in

the RoboCup middle-sizeleague.

Figure 2.26: The robot cannot freely move along the y-axis, movement along the x-axis is a necessity.

Pathak et al. [74] applied the potential �eld method to mobile robot path plan-

ning. Given a starting location and a goal location a planner algorithm outputted a

string of overlapping bubbles joining the start and goal locations. The sizeof each

bubble represented the free spaceavailable between obstacles. The shortest path

wascalculatedthrough thesebubbles,and wasguaranteed to encapsulatethe robot's

own current bubble. An example of the bubble path planning is shown in �gure

2.27, where a robot safely navigates past two obstaclesto a desired location. The

robot's own bubble was moved in discrete steps towards the direction provided by

the planner, whilst avoiding unexpected obstaclesi.e. other moving entities within

the environment. Hence, motion was achieved through the switching between two

controllers. Thesecontrollers werede�ned as local potential �elds, the �rst attracted

the robot to the centre of its bubble, and the secondattracted the robot to the desired

orientation. The systemwas implemented on real robots in a laboratory setting in a

exploration type task.
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Figure 2.27: Obstacle free path from start location to goal location. The black rectanglesare known

obstacles,the grey square is an unknown obstacle. The large circlesrepresent the free spacebetween

known obstacles, the small circles are stepsgeneratedto get to the goal location.

Zavlanos et al. [94] used arti�cial potential �elds to maintain the connectivity

constraint of a group of twenty mobile agents (represented as a graph). The agents

maintained a formation whilst following a leader,and avoiding collisionswith onean-

other. The leaderagent wasusedto steer the other agents throughout the simulated

environment, and as such it was not a�ected by the potentials of the other agents.

However, it wasattracted to a rendezvouspoint within the environment, to encourage

motion. The follower agents were repulsedby other agents, in order to avoid inter

agent collisions. A repulsive force also existed betweenagents and an imaginary ob-

stacle. This imaginary obstaclerepresented the connectivity constraint of the system.

An exampleis shown in �gure 2.28, in which each non-leaderrobot is attracted to the

leader robot. Once the non-leaderrobots are closeenoughto the leader robot, the

potential �eld governing formation becomesdominant. Finally, once in formation,

the group moves towards the desired target. During simulated experiments, agents

avoided imaginary obstacleswhich enabledthem to stay in formation.
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(a) (b)

(c) (d)

Figure 2.28: The time stepsof 5 agents �rst moving into formation, then moving towards the target

as a formation: Note that we have one leader agent (empty circle) and four follower agents (�lled

circles). The solid lines are the graph connections. The dashedline is the leader robot's path to the

rendezvous point (arrow head).

2.6.1 Limitations of the Poten tial Field Metho d

Koren et al. [53] identi�ed the four major limitat ions of the potential �eld method:

1. Trap Situations: Theseare situations in which cyclic behaviour betweenlocal

minima occurs,asshown in �gure 2.29a.Trap situations occur whenrobots run

into dead endse.g. U shaped obstacles,where the robot's range sensorspick
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(a) (b)

(c) (d)

Figure 2.29: (a) Trap. (b) No Passage. (c) Oscillation in presenceof obstacle. (d) Oscillation in

narrow passage. The grey circles are obstacles. The dashed line represents the straight line path

from the start location (S) to the target location (T). The solid line represents the path taken by

the robot.

up objects to the front and sidesof the robots. The potential �eld generated

in such a caseforcesthe robot into a cyclic behaviour. In thesesituations, it is

often necessaryfor someglobal recovery mechanism to intervene,which often

results in a sub-optimum solution, but at least the robot is no longer trapped.

2. No Passage: Closelyspacedobstaclesbar passage,asshown in �gu re 2.29b. No
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passagesituations occur whena robot comesacrosstwo obstaclesthat are close

together. However, there is enoughphysical spacebetweenthe objects for the

robot to navigate safely through. The potential �eld that is generatedforces

the robot away from the passage,sothat in essence,the two objects are treated

as one large object. Again the results are sub-optimal.

3. Oscillations in the presence of obstacles: This type of oscillation occurswhena

robot passesan object | the resultant potential �eld generatedforcesunstable

motion whilst passingthe object. This results in a sub-optimal solution. An

exampleis shown in �gure 2.29c

4. Oscillations in narrow passages: This type of oscillation occurs when a robot

is travelling down a narrow passage.The resultant potential �eld causesthe

robot to oscillate from oneside to the other; this is a result of the robot being

repulsed by the objects on either side of it sequentially , until the robot has

escaped the passage.Again, the results are sub-optimal. An exampleis given

in �gure 2.29d.

Renet al. [79]proposeda generalsolution to the inherent oscillation problems(see

�gures 2.29cand 2.29d)in the potential �eld method. The modi�ed Newton'smethod

was implemented to alleviate oscillations by approximating the navigation function

with a quadratic form, comparedto the traditional gradient method which contains

only linear information. From observationsof simulated experiments, it wasclearthat

the gradient method encountered di�culties. Unlike the modi�ed approach, whose

tolerance level was higher than the gradient method and so could navigate through

the narrow passages.The gradient method alsoproduced a much higher failure rate.

Balch et al.'s motor schemas[7] (described in section 2.3.1) were implemented

using the potential �eld method. They addedan additional noise schemato help the

robot avoid oscillationsbetweenlocal maxima and minima.
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2.6.2 Critical Analysis of the Poten tial Field Metho d

As detailed in section2.6.1, the potential �eld method has a number of well known

limitations. However, the method is still widely usedin the robotics community due

to its simplicity and elegance. The limitations of the method generally mean that

systemsthat employ it alsoemploy sometype of recovery mechanismto escape from

local minima traps. The use of these recovery mechanismsand the method's sus-

ceptibilit y to oscillations leadsto sub-optimal solutions. The potential �eld method

can be assignedto the reactive robotics architecture described in section 2.3.1. As

such, the sub-optimal nature of the solutions is expected. The potential �eld method

thereforetakesadvantage of the samebene�ts asany other reactiv e systemin that it

hasno relianceon information gathereda priori .

2.7 Related Work

In this section the literature most related to the systempresented in chapter 4 will

be discussed.

At the individual robot control level, all of the literature discussedin section2.6

is related to the control systemusedby the potential �eld sharing method described

in chapter 4. The major di�erence is that in the potential �eld methods from the

literature, a vector sumis calculated for the individual robot from a number of poten-

tials �elds createby obstaclesand the environment, the resultant vector providesthe

motion dynamicsof the robot. In the systemdescribed in chapter 4, a resultant force

is calculated for each of the ultra -sonic sensorson the robot. The motion dynamics

are provided by an action selectionmethod, basedupon theseresultant forces.

Howard et al.'s mobile sensornetwork (as described in section 2.5.3) solved the

coverageproblem through the emergent property of the system[48]. This systemis

another potential �eld basedapproach. Robots were repulsedby one another and

other obstacles within the environment. The samecan be said about the shared

potential �eld method implemented in this thesis. However, it is to a lesserextent,

becausein the potential �eld sharing system, teammate recognition is not possible.
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another's local group radius. In Sugawara et al.'s approach, the interaction causes

the `search' robots to move in the direction of the discovered puck, whereasin the

potential �eld sharing method robots are also encouragedin a direction, but in this

casein the direction of least resistance. It is also believed that the performanceof

the potential �eld system, as with the system in Sugawra et al., is related to the

puck/target distribution.

Vail et al. also implement co-ordination though \shared potential �elds" in the

CMPack team that competed in the RoboCup Sony legged league,and indeed won

the competition in 2002[89, 80]. However, the systemis signi�cantly di�eren t from

the onepresented in this thesis. Each robot maintains its own local world model that

contains the robot's position and heading, the ball's location, teammate positions,

and opponent positions. The robot's position and heading is updated by its own

localisation module; the opponents positions are updated solely by the robot's own

vision module. Teammatepositionsare updated solely from the sharedworld model,

and the ball's location is updated from a combination of the vision module and

the shared world model. The shared world model is completely distributed, with

each robot having its own local copy; each copy is updated by continuousbroadcast

information from teammates.Again, Vail et al.'s systemdi�ers signi�cantly here,as

the broadcastinformation consistsof positional information (for the robot and ball)

and estimatesof the uncertainty in thosepositions,unlike in the systempresented in

this thesis,which, in e�ect, broadcastsposeand potential �eld information. Also, in

Vail et al.'s system,every robot within the systemreceivesthe broadcastinformation,

unlike in the systempresented in chapter 4 in which broadcastinformation is limited

to local groups. Where the systemsare similar is that both contain local and shared

modelsof the world, that are distributed throughout the system.

2.8 Summary

In this chapter, a number of commonrobotic problemswerede�ned, ranging from the

low level path planning problemto the high level robot football problem. An overview

of the three major robotic architectures has been given. Reactive systemsare not
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givenany knowledgeof the environment a priori and react to the environment through

the information gathered by sensorsin real-time. Global behaviours are often an

emergent property of the system. Deliberative systemsaregivenasmuch information

aspossibleprior to the task being executed.Near optimal solutions for sub tasksare

computed a prior and executedsequentially throughout the task. Hybrid systems

attempt to gain the bene�ts from both reactive (robustnessto unexpectedevents) and

deliberative (near optimal solutions) systems,whilst minimising the known problems

associated with each system. Deliberative systemsare often cumbersomein dynamic

environments, whilst reactive systemsoften compute sub-optimal solutions to tasks.

A critical analysisof the robotic architectures was alsoconducted.

A number of multi-rob ot taxonomieswerediscussedandcritically analysed.Farinelli

et al.'s taxonomy was chosen as the taxonomy that would be used to categories

the multi-rob ot systemswithin the literature review, as well as the new multi-rob ot

system presented in chapter 4. This taxonomy splits various robotic systemsinto

sub-categoriesbasedupon the level of communication and co-ordination within the

systems.The most simple(in terms of the level of communication and co-ordination)

categoryis unaware; in thesesystems,robots are totally unawarethat they arewithin

a team of robots, and no explicit communication or co-ordination of any kind occurs

between team members. These systemsrely upon implicit communication such as

changesto the environment made by one robot a�ectin g the decisionsmade by an-

other robot. The next step up is, aware-not co-ordinated systems,although aware

of the existenceof other team members, they again rely upon implicit forms of com-

munication. Like their unaware counterpart's behaviours they are often an emergent

property of the system. Weakly co-ordinated systemsare aware of team members,

and asthe name suggests,do perform somelow level explicit communication; usually

the communication is limited to task relevant situations. For example,a robot may

broadcast the message\I have found a puck" in a foragetype scenario. This would

enablethe other robots in the team to either move to the robots location in search

of other pucks (if they assumea low puck distribution withi n the environment), or

stop the task all together if all pucks have be found. The last three sub-categories

are all strongly co-ordinated | explicit communication is used heavily throughout
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the assigned task. They do, however, di�er in terms of architecture: strongly cen-

tralised, weakly centralised and distributed | the di�erence beingwherethe decisions

are made. In centralised systems,a remote PC or robot \leader" makesthe decision

on how to solve a given task; if the whole task is solved by this central system it

is said to be a strongly centralised system. If only a small amount of the decision

processis taken at the centre, then the systemis said to be weakly centralised. As

the name suggests,a distributed system has no central controller and all decisions

are madeby the systemmembers on an individual basis.

A number of robotic systemsthat employed the potential �eld method were also

discussed.The potential �eld method usesthe conceptof arti�cial forceswhich are

produced by all entities within an environment. When two entities produce a force

with the samesign, they are repulsedby one another; if the signsdi�er they are at-

tracted to oneanother. This conceptallows mobile robots to explorean environment

whilst avoiding obstacles.The conceptis analogouswith electrostaticforcesand mag-

netism. Known limitat ionsof the potential �eld method and solutions available in the

literature werealsodetailed. A critical analysisof the potential �eld method wasalso

conducted, which concludedthat despite the known limi tations of the system, the

simplicity and eleganceof the systemmakesit a popular choiceamongst researchers.

A detailed review of the literature related to the system presented in chapter 4

is presented with the innovations made in this thesishighlighted. Theseinnovations

include the use of sharedpotential �elds as both a method for communication and

co-ordination.
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Chapter 3

Rob otic Hardw are and Soft ware

3.1 In tro duction

In this chapter, the type of robot used throughout the project outlined within this

thesis will be introduced | the Miabot Pro. Brief technical speci�cations will be

given for each device used in our experimentation. The laboratory setup will also

be described in detail; this includes the overheadcamerasystem used to track the

Miabots throughout the environment. The softwaredevelopedby myselfto control the

Miabot Pro will be introduced. The software architecture, in which a plug-in for the

Miabot Pro was implemented, will be brie
y described. Con�gurations and settings

used throughout the experimentation will also be brie
y described. The current

systemarchitecture will be outlined and possiblefuture architecture discussed.The

chapter will concludewith a summaryof the experimental setupusedthroughout this

thesis.

3.2 Miab ot Hardw are

3.2.1 Base Mo dule

What follows is only a brief introduction to the Miabot Pro classof robots. More

information can be found at http://www.merlinrob otics.co.uk.

As shown in �gure 3.1, the basemodule of the Miabot Pro consistsof a di� eren-

tial steering drive, a processorboard and a Bluetooth communications board. The
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di�eren tial steeringdrive has an optical resolution of 0:04mm and a reported maxi-

mum speedof 3:5m=s (approximately 1m=s in a straight line). The processorboard

has64kb of programmablememory and supports up to 8 IO devices.The Bluetooth

communications board transmits in 2:4GH z range at 11:5kb=s. The large and ac-

cumulative errors within the Miabots encoders makes them an unreliable sourceof

positional information and so an overhead tracking system is used to position the

Miabots within the environment, as described in section3.2.4.

Figure 3.1: The base module contains a di�eren tial steering drive and a bluetooth communications

module.

All devicestransmit and receive information through a singlecommunicationsbus

on the processorboard. Devicesare assignedto oneof two categories:

� master: Deviceswhich subsume control over the bus from slave devices.
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� slave: Deviceswhich di� er control of the bus to a master device.

The di�eren tial drive is a slaveto this singlebus.

3.2.2 Ultra-sonic Range Finders

As shown in �gure 3.2, the ultra-sonic sensor array supports 8 individual sensors

at 45o intervals, giving a 360o �eld-of-view (FOV). Each individual sensorhas a

FOV of approximately 30o, leading to small gapsof approximately 15o betweeneach

sensor.The a�ect of theseblind spots on sensorcoveragedecreasesthe further away

obstaclesare within the environment. If obstaclesare of small enoughdimensions,

they may not bedetectedby the ultra-sonicarray. The probability of such an oversight

increasesthe closersuch an obstacle is to the array. In the experiments within this

thesis, all obstacleswithin the environments are of big enoughdimensionsas to be

detectablewithin the entire rangeof the ultra-sonicarray. The sensorshavea reported

rangeof 6m, although only rangesof 2:5m have beenobserved due to environmental

conditions. The ultra-sonic sensormodule is a slaveto the singlebuson the processor

board.

3.2.3 Blob-�nder

As shown in �gur e 3.3, the blob-�nder module has its own processorboard, which

includes its own embedded blob-�nding algorithm. The blob-�nder tracks up to

8 di�eren t, RGB de�ned, blob values at 30f ps. The tracked image resolution is

88� 144pixels. The blob-�nder module is the master of the singlebuson the Miabot

processorboard. This canbean issueif blob data is abundant within the environment,

as the blob-�nder module will e�ectiv ely lock the bus, not allowing possibly critical

information to be communicated (e.g. ultra-sonic data). As such, the environment

is kept as blob freeas possible.Only a singleblob is de�ned to the module and this

only occursoncewithin the environment (of course,it is not wiseto assumethat this

will always be the case,i.e. light re
ect ions, but the e�ect can be minimised).
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Figure 3.2: Contains eight separatetr ansceiver and receiver pairs, giving approximately a 360degree

view.

Figure 3.3: Can track up to eight di�eren t RGB de�ned blobs at a time.
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3.2.4 Rob ot Village

The Miabot tracking system, shown in �gure 3.4, consistsof two webcamswith an

imageresolution of 640� 480pixels. Each of theseconnectsto its own PC via a �re-

wire connection. Each of thesePCs runs a local blob server (supplied by the Miabot

manufacturer), which track the robots in each cameraframe. Each robot is crowned

with a blob patch, as shown in �gure 3.5. By �n ding the centres of the 3 blobs,

the systemcan estimate the centre of the Miabot (the centre point betweenpoints 1

and 3 in the example)and by the useof trigonometry it can estimate the orientation

of the Miabot (the angle highlighted in the example). One of thesePCs also has a

global blob server which takesthe local co-ordinatesfrom each local blob servers(via

a TCP/IP network) and constructsa global co-ordinate for each robot. As is shown

in �gure 3.6, the x-axis of the local blob servers overlap. This is intentional, as this

overlapping avoids any blind spots betweencamera frames. However, the global co-

ordination systemneedsto take into account this additional translation. The distance

of the overlap is known a priori to all experiments.

As can be seenin �gure 3.7 the Player server and clients described in section 3.3

residedon anotherPC that communicatesto the Miabots through a Bluetooth router,

which allows TCP/IP communication over the Bluetooth RF-COMM (virtual serial

communications) port. The PC also used TCP/IP to read the global blob servers

socket to gain accessto position information.
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Figure 3.4: The approximate coveragearea of each camera is shown with white lines.
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Figure 3.5: By �nding the centre of each of the three blobs, the x and y position of the Miabot (at

point C) can be discovered, as well as the � orientation.
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Figure 3.6: The co-ordinate systemsfrom both of the local blob servers (LBS1 and LBS2) are joined

together by the global blob server (GBS) to create a global co-ordinate system.
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Figure 3.7: Two camerasareconnectedto two PCs via � rewire. Both have local blob serversrunning,

one has a global blob server. A thir d PC has the Player server/clients running and communicates

to the Miabots via a bluetooth router. The whole system is a TCP/IP network.

3.3 Pla yer/Stage

3.3.1 In tro duction

This is only a brief introduction to the Player/Stagearchitecture | moreinformation

about the project can be found at http://pla yerstage.sourceforge.net/.

Figure 3.8 shows the basic Player/Stage architecture. The most important part

of the architecture is the Player Server. It acts as the middleware. The Player server

enablesend users to write client applications, without any prior knowledge of the

low level robotics, to communicate with either a 2d simulator (Stage) or a number



3. r obotic hard ware and softw are 80

Figure 3.8: The player server acts as the middleware betweenthe clients and the robots/simulation.

of known devices(a robot or individual a sensor/actuator). The Player clients use

abstract device de�nitions that allow the sameclient to control any type of device

known to the Player server. For example, instead of writing code to retrieve range

data from a speci�c ultra-sonic sensor,the client's code usesa global `get sonarrange

data' function. The Player server then looksto seewhat speci�c deviceis involvedand

communicates to it using the necessarylow level commands,returning to the client

the requesteddata. As new devicesare developed all of the time, the developers of

the Player/Stage architecture implemented a plug-in scheme which allows usersto

add knowledgeof devicesto the Player server. When the server is queried about a

deviceit doesnot recognise,it looksup its plug-in table to �nd the appropriate device.

Similarly with Stage, if a user wants to simulate a new device they simply have to

createa Stagemodel of the device. A Stagemodel is an abstract description of the
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devicebasedupon terms Player/Stage recognises.Seesection 3.3.3 as an example.

As the Player/Stage architecture usesTCP/IP as its communication protocol, it can

be distributed over a robotic systemin a number of ways:

1. Autonomous: A server and client embodied on each robot.

2. Remote: A server embodied on each robot. A client(s) embodied on a separate

computer.

3. Local: A server(s) and a client(s) embodied on a separatecomputer, with the

robot(s) treated as a device(s)of the computer.

For the laboratory experimental setup in this thesis, a local approach is taken, as

the Miabots do not have enoughon-board memory to run a Player server or client.

A server per Miabot was run on a separatecomputer, which communicated to the

Miabots through the TCP/IP network. The computer also ran individual clients for

each Miabot. In the simulation experiments, the same individual clients wereusedto

connectto the Stagesimulator (one Player server).

3.3.2 Stage Validit y

Gerkey et al. point out that no guarantee is given that the experiments run under

stage are directly comparable with experiments run in the laboratory [44]. They

point out that a client written for Stagewill work on a real robot with little or no

modi�cation and vice-versa. This was con�rmed in experiments carried out in this

research as described in chapters 5 and 6.

As simulation wasusedin this project asa fast prototyping method (as discussed

in chapter 5) a test of Stage'svalidit y wasconducted. Thesetests showed that, given

the same controller (the non-sharing system proposed in chapter 4), a simulated

Miabot's actions weresimilar to thoseof a real Miabot's. Figure 3.9 shows the path

taken by a simulated Miabot in a Stage representation of the real arena used in

chapter 6. Starting at location S, the robot would follow the wall of the arenauntil

forcedto rotate by an oncomingwall; the robot rotated towards the direction of least
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the �eld-of-view of the individual sensorsand the sizeof the individual sensorsare

de�ned.

# The Miabot sonar array
define miabot_sonar ranger
(

# number of sensors in array
scount 8
# define the pose of each transducer
spose[0] [0.0375 0 0]
spose[1] [-0.0375 0 180]
spose[2] [0 -0.0375 270]
spose[3] [0 0.0375 90]
spose[4] [0.0375 -0.0375 315]
spose[5] [-0.0375 0.0375 135]
spose[6] [0.0375 0.0375 45]
spose[7] [-0.0375 -0.0375 225]
# define the field of view of each transducer
sview [0.03 1.0 30]
# define the size of each transducer
ssize [0.015 0.032]

)

Below are the Miabot blob-�nder de�nitions. The number of di�eren t coloursthe

devicecan track is de�ned, along with the speci�c colours. The range, �el d-of-view

and sizeof the cameraare alsode�ned, along with the sizeof the tracking frame.

# The Miabot blob- finder
define miaptz ptz
(

blob-finder
(

# 2 colour defini tions
channel_count 2
channels ["blue" "yellow"]
range_max 1.0
# onl y fov
ptz [0 0 30.0]
image [88 144]
size [0.028 0.04]

)
)
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Finally, the baseMiabot de�nition is given below. The dimensionsof the chassis,

the initial location (in odometry terms) and the massof the robot are given. The

type of drive system is de�ned, in this casedi�eren tial. The type of localisation is

also de�ned, in this caseodometry. Finally, the basede�nition is told what sensors

it is equipped with, in this casethe sonarand blob-�nder sensorsde�ned above.

# A Miabot in standard configu ration
define miabot position
(

# actual size
size [ 0.075 0.075]
origin [0 0 0]
# esti mated mass in KG
mass 0.567
# differential steering model
drive "diff"
localization "odom"
# use the sonar array defined above
miabot_sonar()
#use t he blob-finder defined above
miaptz()

)

3.3.4 Pla yer Miab ot Plug-in

This is only a brief introduction to the Miabot Plug-in | more information can be

found at:

http://www.asap .cs.nott.ac.uk/� robots/wiki/index.php/Pla yer/Stage/Gazebo.

The job of the Miabot plug-in is two-fold. Firstly, to translate the abstract com-

mands/requestsfrom the Player server into low level Miabot commands/requests.

When the Player server connects to the Miabot for the �rst time, the Miabot is

initialised using a con�guration �le, an exampleof which is given below. The con-

�guration �le tells the Player what devicesthe Miabot supports (position2d, sonar,

blob-�nder) and what devicesit requires(tracker | this is the plug-in for the over-

headcamerasystem,seeappendix 3.3.5). The Miabots communicate via Bluetooth.
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However, in the laboratory Bluetooth routers are deployed, which the Miabot con-

nects to on boot. The router assignseach Miabot a port number, and hencethe

con�guration �le providesthe nameof the router and the port number of the Miabot

to allow TCP/IP communications over bluetooth. A number of sonar settings are

alsoinitialised, the ping masksetswhich ultra -sonic sensorsin the array arepowered.

The ping rate sets the time in millisecondsbetweeneach sonarping. It is alsopossi-

ble to bu�er the last `good' sonar reading. This feature is only usedwhen using the

ND algorithm (usedwit hin the hybrid systemdescribed in chapter 7) to override the

emergencystop procedurethat occurswhen the ultra-sonic sensorsreturn zero. The

Bluetooth socket wait time is also set; this is the time that the plug-in will wait on

a socket waiting for a responsefrom the Miabot. The camerasettings set the initial

cameraparametersand the RGB value of the colour to be tr acked. Secondly, the

plug-in managesthe Bluetooth connectionto the Miabot.

driver
(

name" miabot"
plugin "miabot.so"
requires ["tracker:::position2d:2"]
provides ["odometry:::position2d:0"

"sonar:0"
"blobfinder:0"]

# are you using the overhead tracking system
tracker 1
# are you using a dongle (1) or the router (0)
type 0
# router settings
router "village1"
port 5000
# sonar settings
ping 255
ping_rate 200
buffer_sonar 1
# socket settings
bt_wait 260000
# camera settings
set_cam 1
auto_white 1
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auto_adj 1
light_filt 0
num_blobs 1
redmin0 160
greenmin0 64
bluemin0 16
redmax0 192
greenmax0 80
bluemax0 48

)

Player server commandsare simply translated into the correspondingMiabot com-

mands. A number of examplesare shown in table 3.1:

Table 3.1: Player to Miabot command translations.

Pla yer Abstract Command Miab ot Command

Start Sonar [Sn] (n is the ping rate in ms)
Start Blob-�nder [iA 0 = 0; 45; 54; 0D]
Stop Motor [s]
Set left and right wheelvelocities to 10cm=s [= 50; 50]

When the Player server requestsdata it simply referencesthe appropriate device

data structure in the plug-in. In order to store this data, however, the plug-in listens

on the appropriate Miabot socket waiting for a response to a previous command.

When it capturesa response,it �rst looks up what requestthe responsecorresponds

to, by checking the responseheader. It is then able to translate the responseinto the

appropriate Player data structure. Table 3.2 shows somePlayer server requestsand

the related Miabot responses.

The Miabot respondsto all requestswith packets (denotedby < :: > ) of hexadeci-

mal values. All sonarrelated packetshave the header,SEn:, wheren is the addressof

the sonar. When translating sonardata the Miabot can ignore the �rst hexadecimal

value after the header, as this relates to the photodiode. The secondhexadecimal

value is only usedwhen the rangereading is above 2:55m which is possiblein theory,

although never seenin practice. The third hexadecimalvalue is the range result up

to 2:55m. The result is converted into a decimal (giving a result in centimetres) then
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Table 3.2: Miabot responsetranslations.

Pla yer Abstract Request Miab ot Response Miab ot Translation

SonarData < SE0 : 7F 002F > 0: 0.47
< SE2 : 8A0023> 1: 0.35
< SE4 : 640026> 2: 0.38
< SE6 : 9E001C > 3: 0.28
< SE8 : 6B001E > 4: 0.3
< SEA : 5400AA > 5: 1.7
< SEC : 2F 0017> 6: 0.23
< SEE : 2C0017> 7: 0.23

Blob-�nder Data < R0A010049> Count:1
< R6E5C71FF > blob 0:

id: 0
area: 80
X: 82
Y: 111
Left: 73
Right: 92
Top: 110
Bottom: 113

divided by ten to give a result in meters. All blob-�nder related packets have the

header,R. After stripping all blob-�nder headersand nonblob-�nder related packets

out (e.g. sonarpackets), if the �rst hexadecimalvalue after the headeris 0A, which

denotesthe start of blob data, then the plug-in grabs all packets until �n ding the

hexadecimalvalue, FF, which denotesthe end of blob data. The secondhexadecimal

value represents the number of blobs detected. The third hexadecimalvalue repre-

sents the colour ID of that blob (passedto the Miabot in the con�guration �l e). The

fourth, �fth, sixth and seventh hexadecimalvalues,represent the left, top, right and

bottom of the bounding box of the blob respectively. The centre point ( X and Y

values) and the area of the bounding box can be calculated from the bounding box

values already obtained.
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3.3.5 Pla yer Tracker Plug-in

The manufacturersof the Miabot alsoprovided an overheadcameratracking system;

more information can be found in section3.2.4. In order to useit within the Player

architecture, a plug-in was developed. Unlike the Miabot plug-in which supported

multiple devices,the tracker plug-in only neededto support a position2d device to

provide the x and y co-ordinatesand the orientation of a Miabot within our laboratory

setup. Like the Miabot plug-in, the tracker plug-in wasinitialised with a con�guration

�le, an exampleis given below:

driver
(

name" tracker"
plugin "tracker.so"
provides ["tracker:::position2d:2"]
global_server "grishnakh"
global_port "9000"
socket_wait 260000
x_conv 1.62
y_conv 2.46
x_res 1200
y_res 2600

)

As with the Miabot plug-in, the tracker plug-in supports a position2d deviceand

communicates via TCP/IP . The overheadtracking system is made up of two local

blob servers (one for each camera)and a global blob server. The local blob servers

track the Miabots wit hin their individual camera frames and broadcast their co-

ordinates. The global blob server readsthe co-ordinatesfrom both local blob servers

and transformsthe co-ordinatesinto a global co-ordinateframe. As such, the plug-in

only needsto know the nameand port of the global blob server. The dimensionsof

the area covered by the global co-ordinate systemare also provided along with the

global pixel resolution.

When the Miabot plug-in requeststhe position of a Miabot (assigneda unique

id on initialisation) the tracker plug-in requeststhe current position from the global

blob server. The global blob server responds with the x and y co-ordinatesof the
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Miabot (in pixels) along with its orientation (in degrees).The plug-in converts the

co-ordinatesinto metres and the orientation into radians. The origin of the global

co-ordinatesystemis in the top left hand corner,whereasthe origin of the Player co-

ordinate systemis in the centre of the global co-ordinatesystem. The plug-in makes

the necessarytranslation. The orientation systemsof the global co-ordinate system

and Player also di�er; again the plug-in makes the required adjustments. Once the

positional data is in the Player data structure, the tracker plug-in responds to the

Miabot plug-in request.

3.3.6 Hybrid System: Pla yer Con�guration

In chapter 7, the sharingsystemis comparedagainsta hybrid system. This systemis

madeup of the wavefront and nd drivers provided in Player. The con�guration and

settings for thesedrivers follow.

Wavefront Driver

The Wavefront driver is the Player frontend to the wavefront propagationalgorithm,

described in detail in section 7.2.1. The algorithm plots a path from the robot's

current location to a desiredgoal location.

Like the Miabot plug-in, the Wavefront driver provides and requires a number of

devices.The planner deviceallows the robot to storegoal locationsand way-point lo-

cations. The \output" deviceis the robot to be controlled. The \input " device is the

sourceof current poseinformation (e.g. the tracker plug-in). The map deviceis an im-

agerepresentation of the environment beingexplored. The valueof `safety dist' is the

minimum distanceto a known obstaclefor which a path will beplanned. `max radius'

is the radius around the robot within which obstaclesare taken into consideration

when planning motion; the lower the value the faster the computational time, the

higher the value the more optimal the path. `angleepsilon' and `distanceepsilon'

are the threshold values used to trigger goal completion. `replan dist thresh' and

`replan min time' are the distancestravelled or time passedin-order to activate the

computation of a new path, whichever occurs �rst. `dist penalty' is a weight usedin



3. r obotic hard ware and softw are 90

the computation of a solution, the higher the value the greater the punishment for

cutting corners.

driver
(

name" wavefront"
provides ["6665:planner:0"]
requires ["output::6665:position2d:1" "inp ut::6665:position2d:0"

"6665:map:0"]
safety_dist 0.03
max_radius 0.2
distance_epsilon 0.10
angle_epsilon 20
replan_dist_thresh 0.2
replan_min_time 10
dist_penalty 10

)

More detail of the Wavefront driver and theparameters canbe found in thePlayer

manual at http://pla yerstage.sourceforge.net/doc/Player-2.0.0/player/.

NearnessDiagram Driver

The NearnessDiagram driver is the Player frontend to the ND motion control algo-

rithm, described in detail in section2.3.1.

Again, the NearnessDiagram driver provides and requiresa number of devices.

The position2d deviceprovides the necessarycommandsto the robot to avoid obsta-

cleswhilst moving towards a goal location. The \input" deviceis the current source

of poseinformation. The \output" device is the robot to be controlled. The \sonar"

deviceis the sourceof sensory information usedto avoid obstacles.The `max speed'

and `min speed' parametersset the maximum and minimum translational and ro-

tational velocities for the robot, respectively. `goal tol' sets the distance and rota-

tional threshold values to trigger goal completion. `wait on stall' tells the robot to

recover from stall until proceeding.`rotate stuck time', `translate stuck time', `trans-

late stuck dist' and `translate stuck angle' are the times or distancesthe robot has

to travel (or have travelled) in order to avoid \giving up". `avoid dist' is distanceat
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which the robot will begin avoiding obstacles.`safety dist' is the minimum distance

the robot will movenext to an obstacle. `sonarbad transducers'is usedto disablethe

rear ultra-sonic sensorswhen calculating the obstacledensity in the robot security

zone.

driver
(

name" nd"
provides ["position2d:1"]
requires ["output:::position2d:0" "input:: :position2d:0" "sonar:0"]
max_speed[0.1 10]
min_speed [0.02 5]
goal_tol [0.075 15]
wait_on_stall 1
rotate_stuck_time 30.0
translate_stuck_time 30.0
translate_stuck_dist 0.05
translate_stuck_angle 5
avoid_dist 0.30
safety_dist 0.03
# rear sonars not needed
sonar_bad_transducers [1 6 7]

)

More detail on the NearnessDiagram driver and the parametersusedcanbe found

in the Player manual at http://pla yerstage.sourceforge.net/doc/ Player-2.0.0/player/.

3.4 System Arc hitecture

Throughout this thesis, all robots are controlled through the Player architecture, as

described in section 3.3. The architecture provides a number of client libraries; the

C++ library was chosento develop the clients used throughout this thesis. Each

robot (simulated or real) has a client associated with it. In the simulation, these

connectto a server that provides the simulated environment. In the real world, each

robot hasa server associated to it, which the relevant client connectsto.

Communication between clients is achieved through the reading and writing of
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shared�les. The reasonsfor implementing communications in this manner are two-

fold:

1. As all of the client programs are run from the samecomputer, this method

simpli�ed the communications process.

2. The Miabot robots usedin our laboratory experimentati on haveBluetooth com-

munications modules. Bluetooth usesa virtual serial connection. As such, a

devicecanonly be connectedto oneother deviceat any onetime. As the Player

server for each Miabot is hostedon a remotePC, the singleconnection for each

Miabot must be with this PC; otherwisethe Miabots would be uncontrollable.

Each client haswrite accessto its own communications �le; every client has read

accessto every communications �le within the multi-rob ot group. As only oneclient

haswrite accessto any given �le there is no dangerof multiple clients tr ying to write

to the same�le at the sametime. The only drawback of the systemis that when a

robot readsa �le no guarantee is given that the �le is up to date. This is not a major

issueas,due to the communications lag within the system,all sensoryinformation is

\old", and so the increasedlag is consideredto be insigni�cant.

The communications �le contains two pieces of information. The �rst piece of

information is the \current" position and orientation of the robot, the position is used

by the robot reading the �le to seeif this robot is within its local group radius. If so,

the orientation is usedto discover which part of the potential �eld is being shared.

More information can be found in chapter 4. The secondpieceof information is the

robot's \current" potential �eld. This information is read only if the robot is sharing

potential �eld information. The communications �le is simply a tab separated�le

which is parsedby other robots within the systemto read the relevant information.

An example is shown in table 3.3 (see section 4.2.1 for more information on the

potential �eld construction).

As can been seenfrom the above description and in �gure 3.10, currently the

multi-rob ot systemis implemented on a centralised network. However, as has been

discussed,this is due to limitations with the current hardware being employed. It
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Table 3.3: Miabot Communication File: Where x, y and � are the co-ordinates (in metres) and

orientation (in radians) of the robot respecti vely, and 0-7 are the eight parts of the potential �eld.
x y � 0 1 2 3 4 5 6 7
0.1 0.34 1.2 11.1 4.7 3.3 11.1 11.1 11.1 11.1 1.2

is hoped that, in the future, the multi-rob ot systemcan be implemented as a fault-

tolerant distributed system. In concept, the system is already distributed as each

client/server pair is an individual agent that makes its own decisions. To make the

systemphysically distributed, the Bluetooth communications module would needto

be replacedby a broadcast capable medium e.g. wirelessEthernet. Consequently,

insteadof writing an communications �le, the data in table 3.3 would be constructed

as a TCP/IP packet. The memory capacity of the Miabots would also need to be

dramatically increasedin order to beableto run an embeddedLinux operating system

running the Player server and client.

3.5 Summary

In this chapter, the Miabot Pro and other hardware usedin the set of experiments

presented in this thesis have been described and their limitations discussed. The

Miabot Pro consists of a basemodule, which contains a di�eren tial steering drive,

a processorboard, and a Bluetooth communications board. The basemodule has

the capacity to support an additional eight I/O devices. However, the basemodule

only contains a single communications bus which each device must use in order to

transmit/receive information. Additional devices are treated as either masters or

slaves of the bus. As only the blob-�nder module is a master of the bus, in our

experiments, the only time any issuearises is when blob information is abundant

within the environment, causingthe blob-�nder module in e�ect to permanently lock

the bus, not allowing other perhaps critical information to be communicated (i.e.

ultra-sonic data). The chance, of situations of high blob count is reducedonly by

de�ning a single blob to be tracked and by damping the e�ect of light re
ections

within the environment. The ultra-sonic module has 15o blind spots every 45o. The



3. r obotic hard ware and softw are 94

Figure 3.10: The physical systemsarchitecture is centralised, each robot (R) is controlled by a server

(S) and client (C) hosedon a remote PC (dashed rectangle). In concept, the system is distributed

(dotted rectangle), with each robot making it's own decisions.

closer to the Miabot and the smaller the objects are, the more likely it is that the

objects will not be detected. However, in the experiments conductedin this thesis,

all objects are large enough to be detectable at all ranges. Due to the large and

accumulative error within the Miabot encoders, a global tracking system is usedto

position the Miabots within the experimental environments. The global tracking

systemconsistsof 2 local blob systems(covering the two halvesof the environment)

and a global blob system,which consolidatesthe 2 local co-ordinate systems into a

singleglobal co-ordinate system.

The software architecture used to control the physical/simulated Miabots and

the global tracking system has also been discussed. The 2d simulation model of

the Miabot Pro was described, including models for the ultra-sonic array and the

blob-�nder. A plug-in module for the Player robot controller that allowed control
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of the Miabots at an abstract level was also discussed;con�guration options and a

generaloverview of its internal workings were described. A plug-in for the overhead

camerasystemwas also discussed.The con�guration options for the wavefront and

ND drivers (used by the hybrid systemdetailed in chapter 7), already implemented

within the Player architecture, werealsodiscussed.

The current and future architecture of the multi-rob ot systemwasdiscussed.Due

to hardware limitations, the system is currently deployed as a centralised system.

However, the systemhasbeendesignedto be distributed and it would be of interest

to deploy the systemas a distributed architecture.
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Chapter 4

A Poten tial Field Shar ing M ulti-rob ot

System

4.1 In tro duction

Although there has been much work in both the unaware and weakly co-ordinated

categoriesof multi-rob ot systems (described in chapter 2), the mixture of the two

employed in the multi-rob ot system detailed in this chapter represents a novel co-

ordination architecture. The system is unaware at the global level, yet weakly co-

ordinated at the local level. It is believed that this is bene�cial to the system as

co-ordinationonly occurswhenneeded.However, this co-ordination is not necessarily

neededto completean assigned task. In this chapter, the multi-rob ot systemwill be

discussedin detail and concludedwith a summary.

4.2 Sharing Poten tial Fields

The outline of the processesinvolved in the new multi-rob ot system is as follows:

Individual robots construct potential �elds from available sensordata (in the current

systemonly ultra-sonic data is used),see�gure 4.1 A-B. Robots that are assignedto

the same group then calculate local group intersectionsand sharerelevant potential

�eld information, �gu re 4.1 C. Each individual robot then createsa combined po-

tential �eld using the sharedinformation (�gure 4.1 D) and then makesthe relevant
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action selection,(�gure 4.1 E). The non-sharingsystemthat is usedas a control for

the experiments in chapters5 and 6 only contains the processesA, B and E in �gure

4.1.

Figure 4.1: Given somesensoryinput, individual potential �elds are created. Robots within local

groups share information and create shared potential �elds. Action selection is basedupon these

potential �elds.

4.2.1 Individual Poten tia l Field

The basisof our multi-rob ot systemis Coulomb's law of electrostatic force, as given

by

F = kC
q1q2

r 2
; (4.1)

where F is the force, q1 represents the unit charge of the robot and q2 the unit

chargeof an obstacledetected by an ultra-sonic sensor. For simplicity, all obstacles

and robots are given a unit charge of 1. r is the sensor reading from the relevant

ultra-sonic sensor,the distanceof the closestobject. kC is an electrostatic constant

which is ignored (set to 1). Therefore,the calculation is now the inversesquarelaw:
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F =
1
r 2

(4.2)

A small reading from the ultra-sonic sensorresults in a high force. The reason

why Coulomb's law is simpli�ed is that, as only the ultr a-sonicsensorsare usedto

create the potential � eld, it is not possibleto distinguish betweenobjects. As such,

all objects have to be assignedthe sameunit value. Therefore,the unit chargeof the

robot is also set to the sameunit value, in order to get the appropriate behaviour

(attraction to regionsof low resistance). The electrostatic constant is ignored as it

is just a constant and has no direct e�ect in this application. An example of the

potential �eld calculations is given in �gure 4.2, wherethe detection of objects which

are closeby results in high repulsive forces. Distant objects have a low repulsive

force. As the systemwasdesignedwith the Miabot Pro classof robot in mind, eight

forcesare calculated per robot corresponding to the fact that each robot has eight

ultra-sonic sensors| seesection6.2 for the full robot speci�cation.

(a) (b)

Figure 4.2: (a) Example ultra-sonic readings. (b) Resultant forces.

4.2.2 Lo cal Group In teractions

In this system, local groups of robots are formed which share information. Local

groupsareformedby sequentially iterating through the robots within the environment

and assigningother robots to their group if they are within a given distanceof that

robot. In the simulated experiments, a distance of 2m is used(double the range of
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the ultra-sonic sensors). In the laboratory experiments, a distance of 70cm is used

(double the boresight re
ection1 of the ult ra-sonic sensors). An example of local

groupsis shown in �gure 4.3, whererobot 1 assignsrobots 2 and 3 to its group, robot

2 assignsrobots 1 and 3 to its group, robot 3 assignsrobots 1, 2 and 4 to it s group,

robot 3 is also assignedby robot 4 to its group, and �n ally robot 5 is on a group of

its own.

Figure 4.3: Local groups: group 1 and 2 (robots 1, 2 and 3), group 3 (robots 1, 2, 3 and 4), group

4 (robots 3 and 4) and group 5 (robot 5).

Euclidean distances have been used to de�ne local groups, in order to simulate

likely communication rangelimitations. In the robotics laboratory at the University

of Nottingham, the maximum area that the robots can explore is approximately

1The boresight of an ultra-sonic sensoris the angle to which it is pointing. Boresight re
ection
refers to the responsereceived by the ultra-sonic sensorfrom the ground.
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5m � 3m | this is well within the communications rangeof the Bluetooth modules

embeddedin the robots usedduring experimentation (Class 2 | 100m range). No

barriers to communication exist within the environment. In a real world application,

it would be expected that the communications rangeof the robots would be heavily

a�ected by the environment within which they are situated. The reliabilit y of the

communications systemwould also vary depending on the environment. This is one

of the reasonswhy the motion of the individual robots is not reliant upon receiving

information from local group members. In the real world, if no communication was

received from group members, an individual robot would useits own potential �eld

information to make action selection choices. Indeed, the action selection process

doesnot distinguish betweenindividual and sharedpotential �elds.

4.2.3 Com bined Poten tial Field

Oncelocal groupshave beenassigned,potential �eld information is shared. In order

to explain this as clearly as possible an example, as shown in �gure 4.4, will be

described in detail:

1. The robots are modelled within 2-dimensionalspace. Ultra-sonic rangesare

represented aslineson a planeand the sensorylimits of a robot are represented

as circleson a plane.

2. Each robot is within each others' local group. All ultra-sonic rangesthat in-

tersect the line A (the radical line | the line that intersectsthe two points of

intersection betweenthe two circles) are available to shareinformation. These

lines are marked with a � in �gure 4.4a.

3. Information is shared between these ultra-sonic rangesand any of the other

robots ultra-sonic rangesthat they intersect. To simplify the example,we will

use line B (�gure 4.4a). It shares information with 3 ultra -sonic ranges(th ick

lines). In such cases,calculations are completedon intersections sequentially.

In the example, the forceof B would be comparedwith the forceof 1, then the

force of 2, then 3.
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(a)

(b)

Figure 4.4: (a) A 2-dimensional model of the robots: lines represent the ultra-sonic ranges. Line

A is the radial line of the two circles representing the sensory limits of the robots. (b) Obstacle

Detection: Robot 3 detects obstacleX, robot 4 detects obstacleY.
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4.2.4 Optimistic and Pessimistic

Two versionsof thepotential �eld sharingmulti-rob ot systemhavebeenimplemented

| referredto aspessimisticand optimistic in terms of sensor noise. In the pessimistic

system, when two lines intersect their forcesare comparedand the highest value is

used. In the optimistic system,the lowest value is used. In our example(�gure 4.4b),

robot 3's ultra-sonic sensordetectsthe obstacle X. However, robot 4 detectsobstacle

Y. In the pessimisticsystem, robot 4's force value, being the greater of the two, is

usedby robots 3 and 4. Hence,robot 3 would detect an obstaclethat is closerthan

would have beenpreviously possible.For example,if the lines are initialised with the

following values: B = 0:7, 1 = 0:6, 2 = 0:2, 3 = 1, as shown in �g ure 4.5a. After

robot 3 makes it's comparisons, the valueswould be: B = 0:2, 1 = 0:6, 2 = 0:2, 3

= 1 and after robot 4's comparisons,the valueswould be: B = 0:2, 1 = 0:2, 2 = 0:2,

3 = 0:2, as shown in �gure 4.5b. However, if robot 4 made its comparisons�rst, a

di�eren t result would occur: B = 0:7, 1 = 0:6, 2 = 0:2, 3 = 0:7, after robot 4's pass,

then B = 0:2, 1 = 0:6, 2 = 0:2, 3 = 0:7 after robot 3's pass,as shown in �gure 4.5c.

Conversely, in the optimistic system,robots 3 and 4 would usethe smaller force

value from robot 3 and so robot 4 would detect an obstaclefurther away than previ-

ously. For example,if the initia l valuespreviously stated are usedagain. After robot

3 makesits comparisonsthe valueswould be: B = 1, 1 = 0:6, 2 = 0:2, 3 = 1 and after

robot 4's comparisonsthe values would be: B = 1, 1 = 1, 2 = 1, 3 = 1, as shown in

�gure 4.5d. However, if robot 4 made its comparisons�rst, a di�ere nt result would

occur: B = 0:7, 1 = 0:7, 2 = 0:7, 3 = 1 after robot 4's pass,then B = 1, 1 = 0:7, 2

= 0:7, 3 = 1 after robot 3's, as shown in �gure 4.5e.

As hasbeendemonstratedin both setsof examples,the sequenceof comparisons

can make a signi�cant di�erence to the resulting potenti al �eld, the di�erence being

the scaleto which the systemis pessimisticor optimistic. For example,when com-

paring the pessimisticsystems,it can be seenthat the systemin �gure 4.5b is more

pessimistic(in terms of sensornoise)than the systemin �gure 4.5c. Conversely, when

comparingthe optimistic systems it canbe seenthat the systemin �gure 4.5d is more

optimistic (in terms of sensornoise) than the systemin �gure 4.5e.
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(a) (b)

(c)

(d) (e)

Figure 4.5: (a) The initial potential �elds. (b) Very pessimistic. (c) Normal pessimism. (d) Very

optimistic. (e) Normal optimism.
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The desiredadvantage of the pessimisticsystemis that it will be lessvulnerable

to falsenegatives(not detecting obstaclesthat are there). However, it will be more

susceptibleto false positives (detecting obstaclesthat are not there). The desired

advantage of the optimistic systemis that it will be lessvulnerable to false positives.

However, it will be more susceptibleto falsenegatives.

4.2.5 Action Selection

Oncethe combined potential �eld hasbeencalculated(or not in the caseof the non-

sharingcontrol), the minimum forcef min is discovered,asshown in �gure 4.6a, where

f 3 is assignedthe lowest force. The robot has a default forward motion with in the

environment unlessit comesacrossan obstacle in its path. A force value of 25 or

lessis used,even though this is 20cm from an obstacle. This is due to lag in within

the communications system,meaningthat the robot will not avoid the obstacleuntil

a distanceof about 5cm. In which casethe robot rotates towards f min , as shown in

�gure 4.6b, where the robot rotates towards the initial orientation of f 3. Once the

forward orientation of the robot equalsthe direction of f min , the robot resumesits

forward motion, as shown �gure 4.6c. Using this algorithm, robots move away from

areasof high charge(obstacles)and towards areasof low charge(open spaces).

(a) (b) (c)

Figure 4.6: (a) The robot calculates the minimum force, f3, (b) The robot rotates towards the

minimum force, (c) The robot movesforwards (towards the minimum force).



4. a potential field sharing mul ti-r obot system 105

4.3 Comparison to traditional poten tial �eld metho d

As described in section2.6.1,the potential �eld method hasa number of limitations.

How the system presented in this thesis di�ers in relation to these limitations will

now be discussed.

1. Trap Situations: This is still a limitation within this system. It is also worth

noting that currently no global trap recovery is employed. Hence,oncea robot

enters a U shaped object it is not guaranteed that it will ever escape.

2. No passage: As the system employs a default forward motion to all robots

until they meet an object being directly in their path, it is not a�ected by

this limitation directly. However, it is indirectly a�ected when the ultra-sonic

sensorsdo not di�eren tiate between objects. An example is shown in �gure

4.7a, where the robot (the square) is unable to distinguish between the two

objects (grey circles) and hence createsa ghost object (the shadedregion).

3. Oscillation in the presence of obstacles: Again the systemis not directly a�ected

by this limitation. Only if the ultra-sonic sensorsproducebad echo data is the

systema�ected. That is, the senseddistanceto an object keepschanging,so as

to make the robot believe that it would be advantageousto turn towards the

object. An exampleis shown in �gure 4.7b, where the robot has a bad sensor

reading (the dashed triangle) which results in a sub-optimal path being taken

(bold line). The straight line is the desiredoptimal path.

4. Oscillation in narrow passages: If a robot meets the passagehead on, as in

the No passagecase,it is not directly a�ected by this limitation. However, if a

robot enters a passageat an angle, then oscillation can occur until the robot's

orientation matches the orientation of the passageor the robot exits the passage.

An exampleis shown in �gure 4.7c,wherethe dashedsquaresand triangles are

the position of the robot and its forward ultra-sonic rangein future time steps.
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(a) (b)

(c)

Figure 4.7: (a) No Passage.The shadedregion is where the ultra-sonic sensor\thinks" an obsta-

cle exists. (b) Oscillation in the presenceof an obstacle. The bold line is the path taken when

intermitten t bad ultra-sonic echoesoccur. (c) Oscillation in a narrow passage.

4.4 Place in Farinelli's Multi-rob ot Taxonom y

Unlike previousmulti-rob ot systems,the potential �eld sharing systempresented in

this chapter does not �t neatly into onecategoryof the Farinelli's multi-rob ot taxon-

omy (as discussedin section 2.4.2), as the systempossessesdi�eren t characteristics

at di�eren t levels. Each robot within the multi-rob ot systemcanmove freely between

the di�eren t levels of co-ordination throughout the given task.

The multi-rob ot systempresented in this chapter is unaware at the global level.

The relevant section of the multi-rob ot taxonomy hierarchy is shown in �gure 4.8.

The global level is everything outsideof the local group radius of an individual robot.
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At this level, robots arenot assignedto local groups. The only sourceof sensoryinput

to the potential �elds is the ultra-sonic array, which only provides rangereadingsto

the nearestobject. It is not known what this object is, as robots have no concept

of team members or indeedother robots outside of their local groups. A blob-�nder

module (as described in chapters 5 and 6) is usedto detect the target. However, it

is not usedfor team member recognition. As shown in �gure 4.9 groupsA, B and C

are unaware systems.

At the local level, the system is consideredweakly co-ordinated. The relevant

sectionof the multi-rob ot taxonomy hierarchy is shown in �gure 4.8. The local level

is everything within the local group radiusof an individual robot. At this level, robots

are assignedto local groups | the members co-ordinate implicitly through the use

of sharedpotential �elds. However, no explicit co-ordination occursas robots do not

have the abilit y to distinguish betweenteammembers from other objects within the

environment aspreviouslydiscussed.As shown in �gure 4.9, robots 1 and 2 areweakly

co-ordinated, as are robots 3 and 4, whilst robot 5 reverts to single-robot system, as

depicted in the multi-rob ot taxonomy hierarchy shown in �gure 4.8.

It is worthy to note that the system could converge to an ent irely weakly co-

ordinated system. This is more likely within small environments or in caseswherethe

local group radius has beenset to be arbitrarily large. Conversely, the systemcould

alsodisperseto an entirely unaware system. This is more likely in largeenvironments

or in caseswhere the local group radius has been set to be arbitrarily small. It is

believed that the hybrid of the two systemtypeswill be bene�cial to the system,as

co-ordination only occurswhenneeded. However, this co-ordination is not a necessity

to task completion.

It is also envisaged that more tightly coupled tasks such as search and rescue

may require a higher level of co-ordination than the weakly co-ordinated local level

can provide. In such cases,the local level could be substituted with a strongly co-

ordinated system, without disrupting the global level. As such, it would still be

possibleto designa systemwith low levelsof communication and co-ordinationduring

the \search" aspect of the task, only relying upon communication and co-ordination

when necessary. That is, the \rescue" sub-task.
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Figure 4.8: Hierarchical view of the sharing potential �eld method's place within Farinelli's taxon-

omy. Crossedout categoriesare not implemented.
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Figure 4.9: Groups A, B and C areall unaware of each other. Robots 1 and 2 areweakly co-ordinated.

Robots 3 and 4 are weakly co-ordinated. Robot 5 reverts to non-sharing behaviour.

4.5 Summary

In this chapter, a new multi-rob ot system has been described in detail. Potential

�eld information is sharedbetweenmembersof local groupsto implicitly co-ordinate

the behaviour of the robots. Indivi dual potential �elds are calculated for all robots

using an inversesquarelaw; robots within an arbitrary radius from one another are

assignedto the samelocal group. Robots within theselocal groupsshareinformation.

Two varietiesof the systemare presented: (1) the pessimisticsystemin which higher

forcesoverwrite lower forces(and hasthe desiredadvantageof beinglessvulnerableto

falsenegativeswith regardsto sensornoise),and (2) the optimistic systemin which

lower forcesoverwrite higher forces(which has the desiredadvantage of being less

vulnerable to false positives).

A comparisonto the traditiona l potential �eld method was conducted in terms
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of susceptibility of the multi-rob ot systempresented to the known limitations of the

potential �eld method. It is shown that although the system is still susceptibleto

trap situations and oscillations in narrow passages, it is not directly susceptibleto

no passageand oscillations in the presence of obstacles. However, the morenoisy the

sensorinformation, the more a�ected by the latter limitations the systembecomes.

A discussionon where the multi-rob ot system belongs within the multi-rob ot

taxonomy clearly shows that the systemis unaware at the global level, yet weakly co-

ordinated at the local level. This is bene�cial to the systemas co-ordination occurs

when needed,but the system does not rely upon this co-ordination to complete a

task.

The novel multi-rob ot system,presented in this chapter, has helped this project

meet oneof its goalsgiven in chapter 1.

� To design and implemen t a new typ e of multi-rob ot system based

up on Farinelli's multi-rob ot taxonom y (as describ ed in section 2.4.2).

The two level architecture, described in this chapter, is novel. It allows the

system to bene�t from team co-ordination, but not be dependant upon it to

make decisions.Making the systemmore fault tolerant with respect to the loss

of robots or communications failure.
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Chapter 5

Simulated Search Problems

5.1 In tro duction

Beforeattempting to run the systemon real robots, it wasdecidedto run a number of

experiments in simulation. In his early work, Brookswashighly critical of developing

arti�cial intelligent robots through \to y" worlds (simulations or simpleblock worlds)

[22]. He argued that no matter what the intention of the researcher, these worlds

have beendesignedspeci�cally for that robot. He also argued that if a robot is to

survive in a real environment it must learn in that environment. However, in certain

cases,such as this project, when it wasnot practical to prototype the systemon real

robots for various logistical reasons,simulation can play an important role as long as

the developer of the systemdoesnot losetrack of the end goal of implementing the

systemon real robots in the real world.

The robots were given the task of navigating through a number of simulated

environments to �nd a target(s), within a time limit. This task is akin to the `search'

sub-taskof the search and rescueproblem de�ned in section2.2. In this chapter, the

simulation is described, both environment and robots. The statistical methods used

to measurethe performanceof the systemsare then discussed.As well as the two

sharing potential �eld variants, a non-sharingsystemis employed as a control. Two

experiments are described and their results shown | �rst the single target search

problem and then the multiple target search problem. Finally the chapter endswith

a summary.
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5.2 Simulated Environmen t

The systemwasprototypedusingStage;a 2-dimensionalreal-time simulator provided

with the Player architecture asdiscussedin chapter 3. Threeenvironments, containing

obstaclesand targets werecreated. In order to maintain impartialit y, the number of

obstacles,the placement of the obstaclesand targets within the environment and the

starting location of the robots were all generatedrandomly (C rand function, current

time usedas the seed). The simulation environments usedare shown in �gures 5.1,

5.2 and 5.3, each environment was 5m � 3m.

Figure 5.1: Environment 1. It consistsof 8 robots (red squares),2 targets (yellow and blue squares)

and 19 obstacles(black rectangles)
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Figure 5.2: Environment 2. It consistsof 8 robots (red squares),2 targets (yellow and blue squares)

and 7 obstacles(black rectangles)

The simulated Miabots contained the posit ion2d, sonarand blob-�nder interfaces

(as de�ned by the Player robot controller). The parameters of theseinterfaceswere

set as closeto the real devices (that would be used in future experiments) as was

possiblewithin the simulation environment. A summary of the interfacesis given

below. The completeStage model de�nition � le is given in section3.3.3.

� Position2d: The Miabot was modelled as a non-holonomic (the robot cannot

move in arbitrary directions) robot with a di�eren tial drive (di�eren t velocities

must be sent to each wheel to turn the robot).

� Sonar: Each of the 8 ultra-sonic sensors from the Miabot were modelled in

simulation with a minimum rangeof 3cm and a maximum rangeof 1m (limited

to 1m as in the laboratory environment the real sensorsrarely give readings
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Figure 5.3: Environment 3. It consistsof 8 robots (red squares),2 targets (yellow and blue squares)

and 16 obstacles(black rectangles)

(a) (b)

Figure 5.4: Simulated Miabot with (a) sonar and (b) blob-�n der.
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above 1m), with a �eld-of-view (FOV) of 30o. This givesthe robot a total FOV

of almost 360o. Small gaps of 15o exist between each individual sensor. See

�gure 5.4a.

� Blob-�nder : The blob-�nder was modelled in the simulation with a range of

1m (limited to mimic the real cameraimagegoing out of focus) and a FOV of

30o, with a �xed forward orientation with regardsto the robot. The blob-�nder

could track blue and yellow objects. See�gure 5.4b.

During theseexperiments, the robot's motion waslimited to either moveforwards

or rotate. The robot's forward motion (S) was relative to the force calculated for

the forward ultra-sonic sensor(F ), S = 1 � ( F
10), which gave a maximum speed of

approximately 1m=s. Hence, the closer the robot came to an obstacle, the slower

the velocity became,and vice-versa. It rotated at approximately 0:025rad=s, with a

forward motion of approximately 0:5m=s (to avoid oscillations). The blob-�nder was

usedto detect the colour of the target. Oncethe target(s) wereveri�e d, the robot(s)

cameto a permanent halt.

5.2.1 Noiseless

It is important to note that no noisewassimulated in either the robots (e.g. odome-

try errors) or the environment (e.g. bad ultr a-sonicre
ections). In the real world, an

ultra-sonic is a very noisy devicethat is a�ected by numerousaspectsof the environ-

ment (e.g. shape of objects within the environment or the height of the transmitter

from the ground and the frequenciesused). In the simulation, ultra-sonic readings

are correct at all times and boresight re
ections never occur. In the simulation, all

objects wit hin the environment are singleuniform colours; in the real world, objects

are multi-coloured and non-uniform and the blob-�n der is heavily a�ected by the

lighting conditions of the environment. In this noiselesssimulation, once the blob-

�nder detects1 pixel of the correct target RGB value, the target is considered to be

discovered. Finally, errors in odometric readingsare frequent and accumulative, due

to wheelslippageand the inevitabilit y that oneof the motors will be more dominant
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than the other. However, in our simulation this is not the caseand so the odometric

readingsare used to position the robots within the environment, relative from the

starting location of robot 1, i.e. (0; 0). An implicit form of noiseis communications

lag. The real robots useBluetooth to communicate and all sensorsare connectedto a

singlebus on the robot. Both of theserepresent a possiblepoint of slow throughput.

Again, this real world phenomenonwas not modelled in the simulation, although

somelag may have occurred in the Player/Stage architecture (essentially a TCP/IP

network), although not to the sameextent as on the real robots.

It was decidedto have a noiselesssimulation in order to encouragefast (in that

it wasnot necessaryto build an accuratesimulation from scratch) prototyping of the

system,asoneof the goalsof this project wasto implement the systemon real robots

in a laboratory setting. This methodology is commonin robotics research see([7]).

5.3 Statistical Analysis

Two statistical tests werechosento analysethe data collectedfrom our experiments.

The Kruskal-Wallis test was chosen,as it is useful in detecting a di�erence in the

mediansof distributions. The Friedman test was chosento detect the existenceof

association betweencharacterist ics of a population. Our performancemetric was the

time taken for the task to be completed. If the task was not completedwithin three

hundred seconds,the task was assumedto have failed, and a result of three hundred

secondswas recorded.

5.3.1 Krusk al-W allis Rank Sum Test

The Kruskal-Wallis rank sum test involves ranking all of the times provided from

each population. The meanof the sum of ranks for each wastakenand the signi�cant

di�erences noted. The null hypothesis(h0) and alternative hypothesis(h1) were as

follows:

� h0: The mediansof the k populations do not di�er.

� h1: At least two of the mediansdi�er.
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As detailed in [45], the Kruskal-Wallis H test statistic was produced whilst cor-

recting for ranking ties. If the correctedH valuewasgreaterthan the selectedP-value

(0.1) (this value is relatively large, due to the small samplesizeused throughout the

experimentation in order to encourage the detection of signi�cant results), then h0

could be rejected in favour of h1. If the di�erences betweenthe meansof ranks did

not satisfy (5.1) and wasnegative, thi s meant that the �rst group had a signi�can tly

smaller completion time than the secondgroup. However, if it was positive, it could

be concludedthat the secondgroup had a signi�cantly smallercompletion time. This

is becausea larger meandi�erence relatesto a longer completion time.

jRi � Rj j � z

s
k(N + 1)

6
; (5.1)

wherek is the number of samples(3), N is the total samplesize(60) | the sample

size was small due to the time taken to complete the experimentation in real-time

(approximately fours hours per sample). Finally, z is the critical z value for a level

of signi�cance of 0:1 (2:1 to 1 d.p.)

5.3.2 Friedman Rank Sum Test

The Friedman test involvesranking all of the samplesprovided. The sumof ranks for

each was taken and the signi�cant di�erences noted. This was repeatedfor all three

environments. The null hypothesis(h0) and alternative hypothesis(h1) were set as

follows:

� h0: The number of R in the k populations hasno e�ect.

� h1: The number of R hasan e�ect.

whereR is the property of the systemthat is being investigated. As detailed in

[45], the Friedman Q test statistic was calculated. If the Q value was greater than

the selectedP-value (0.1) (as previously stated this is a relatively high value due to

the small samplesize), then h0 could be rejected in favour of h1. If the di�erence

betweencolumn sumsdid not satisfy (5.2) and wasnegative, this meant that the �rst
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group had a signi�can tly larger completion time than the secondgroup. If positive,

it can be concludedthat the �rst group had a signi�cantly smaller completion time.

jRi � Rj j � z

s
kn(n + 1)

6
; (5.2)

where k is the size of a sample (20) | the sample size was small due to the

practicalities of conducting the experimentation in real-time. n is the number of

samples(7) and z is the critical z value for a level of signi�cance of 0:1 (2:8 to 1 d.p.).

5.4 Single Target Search

In the single target experiment [11], the robots explored the environments shown

in �gures 5.1-5.3with the exception that the yellow target was not included. Each

system(non-sharing,pessimisticand optimistic) completed the task in groupsof two

to eight robots over threedi�eren t environments. Each group completedtwenty runs.

The meancompletion times for each system,within each environment, are shown in

table 5.1. The fastest time for a category is shown in bold . Full results are given in

appendix A.1.

Table 5.1: Mean completion (seconds)for each system in each environment for 2-8 robots, to 1 d.p.

2 3 4 5 6 7 8

Environmen t 1
non 300.0 250.7 255.9 225.1 205.2 273.0 288.2
pes 203.4 211.1 172.6 133.9 121.6 124.3 120.6
opt 262.5 198.8 150.2 109.4 98.0 110.2 116.0

Environmen t 2
non 153.8 129.6 70.1 31.7 32.4 33.2 29.9
pes 77.2 57.9 43.2 49.9 8.0 4.3 11.9
opt 132.1 42.6 31.7 26.3 11.4 4.3 9.5

Environmen t 3
non 52.2 91.2 69.6 73.6 62.7 112.7 134.4
pes 115.5 141.8 67.9 78.8 64.7 133.5 95.9
opt 115.5 128.5 70.5 105.7 66.7 106.6 110.0

By looking at table 5.1 it canbe seenthat in environment 1, the optimist ic system
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performs the best in all but one category (2 robots). In environment 2, again the

optimistic system performs best but, this time, in only six of the categories. In

environment 3, the non-sharingsystemperformsbest in four of the categories.

5.4.1 Comparison Across Systems

Table 5.2: Signi�cant di�erences betweenthe non-sharing(R1), pessimistic (R2) and optimistic (R3)

systems(to 1 d.p.)

R1 � R2 R1 � R3

Tw o Rob ots
env 1 15.5 7.0
env 2 -16.6 -7.4
env 3 -27.9 -27.7

Three Rob ots
env 2 15.7 19.2
env 3 -18.4 -14.7

Four Rob ots
env 1 13.2 18.3

Fiv e Rob ots
env 1 11.7 13.1
env 3 -9.0 -13.3

Six Rob ots
env 1 14.3 17.6
env 2 23.6 22.0

Seven Rob ots
env 1 20.4 22.6
env 2 30.4 29.5

Eigh t Rob ots
env 1 22.2 25.2
env 2 22.6 26.7

Using the Kruskal-Wallis test described in the previous section, the following

results are obtained. Table 5.2 shows the signi�cant di�erences betweenthe means

of ranks for the non-sharingsystem(R1), pessimisticsystem(R2) and the optimistic

system(R3). Non-signi�cant di�erencesareshown in italics or omitted wherepossible

for brevity. As only valuesabove 11:8 (to 1 d.p.) are signi�cant, it can be seenthat

the pessimisticsystemperformsbetter than the non-sharingsystemin groupsof �v e
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or more in environments 1 and 2. This is clearly shown in �gures 5.5 and 5.6, where

points between the horizontal lines are insigni�can t, and points above the highest

horizontal line represent instanceswhen the sharing systemsout-performedthe non-

sharing system. It can be seenthat the optimistic systemperforms better than the

non-sharingsystem, in groups of six or more in environments 1 and 2. For groups

of less than six, the results are mixed. Again, this is clearly shown in �gures 5.5

and 5.6. The non-sharingsystemperforms signi�cantly better in environment 3, for

group sizesof up to �v e. This is clearly shown in �gure 5.7, wherepoints betweenthe

horizontal lines are insigni�cant and points below the lowest horizontal line represent

instanceswhen the non-sharingsystemout-performed the sharing systems. Beyond

that, the di�erences becomeinsigni�cant. It can alsobe observed that no signi�cant

di�erence betweenthe pessimisticand optimistic systemsperformanceoccurred.

5.4.2 Comparison Across Size

To investigatewhat e�ect the number of robots had on performance, the Friedman

rank sum test was conducted. Table 5.3 shows signi�cant di�erences between the

pairs of column sumsfor the non-sharingsystem. Signi�cant di�erences are shown

in bold , non-signi�cant di�erences are omitted where possiblefor brevity. As only

values above 38:6 (to 1 d.p.) are signi�cant, it can be seenthat in environment

2, the non-sharing system performs better with four or more agents. However, for

environment 3, the non-sharingsystemperformsbetter with two agents only | this is

clearly shown in �gure 5.9. It can alsobe observed that group sizehad no signi�cant

impact in environment 1. Table 5.4shows the samedata for the pessimisticsystem

(signi�cant di�erences are shown in bold ). It appearsto perform better with six or

more agents in all three environments (which is in line with the results from table

5.2). These results are shown in �gures 5.8, 5.9 and 5.10. Table 5.5 again shows

the samedata for the optimistic system(signi�cant di�erences are shown in bold ),

which performs better in environments 1 and 2 with �v e or more agents. These

results are clearly shown in �gures 5.8 and 5.9. There wereno signi�cant di�erences

in environment 3, as shown in �gure 5.10.
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Table 5.3: Signi�cant di�erences between the numbers of robots, for the non-sharing system. (to 1

d.p.)

4 5 6 7 8

Environmen t 2
2 robots 42.0 58.5 68.0 61.5 54.0
3 robots 39.0 55.5 65.0 58.5 51.0

Environmen t 3
2 robots -46.0 -34.5 -32.5 -55.0 -47.0

Table 5.4: Signi�cant di�erences between the numbers of robots, for the pessimistic system. (to 1

d.p)

6 7 8

Environmen t 1
2 robots 41.5 33.5 36.0
3 robots 40.0 32.0 34.5

Environmen t 2
2 robots 52.0 83.0 54.0
3 robots 60.0 91.0 62.0
4 robots 45.5 76.5 47.5
5 robots 36.5 67.5 38.5

Environmen t 3
3 robots 45.5 28.5 45.5

Table 5.5: Signi�cant di�erences between the numbers of robots, for the optimistic system. (to 1

d.p.)

4 5 6 7 8

Environmen t 1
2 robots 38.5 47.5 61.5 56.0 57.5
3 robots 19.5 28.5 42.5 37.0 38.5

Environmen t 2
2 robots 18.0 34.5 61.0 89.0 72.0
3 robots 12.5 29.0 55.5 83.5 66.5
4 robots N/A 16.5 43.0 71.0 54.0
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5.4.3 Discussion of Single Target Results

From the results in this section, it can be observed that both the pessimisticand

optimistic systemsperform better than the non-sharing system(when in groupsof 6

or more). It can also be observed that both the pessimisticand optimistic systems

perform better in larger group sizes(6 or more and 5 or more respectively). These

results are as expected, as the presenceof more robots implies a higher probability

that the robots can take advantage of potential �eld sharing, insteadof reverting to

the non-sharingbehaviour. The secondobservation is interesting as it shows that a

systemlessinclined to avoid obstaclesperforms better with a smallergroup sizethan

a system that is inclined to avoid obstacles. This also makes senseas the smaller

the group size, the less likely it is that more (previously unseen)obstacleswill be

discovered. The observation that the performanceof the pessimisticand optimistic

systemsdid not di�er signi�cantly is also interesting as this implies that the abilit y

to detect more obstacles has the samebene�t as the abilit y to ignore more sensor

noise. This result, however, is not a surpriseas little or no noisewas present within

the simulation.
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Figure 5.5: Di�erences betweenranks for environment 1 (single target): R12 | di�erences betweent

he performanceof the non-sharing system and the pessimistic system. R13 | di�erences between

the performance of the non-sharing system and the optim istic system. Points in between the two

horizontal lines are not signi�cant.
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Figure 5.6: Di�erences betweenranks for environment 2 (single target): R12 | di�erences between

the performanceof the non-sharing system and the pessimisticsystem. R13 | di�erences between

the performance of the non-sharing system and the optim istic system. Points in between the two

horizontal lines are not signi�cant.
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Figure 5.7: Di�erences betweenranks for environment 3 (single target): R12 | di�erences between

the performanceof the non-sharing system and the pessimisticsystem. R13 | di�erences between

the performance of the non-sharing system and the optim istic system. Points in between the two

horizontal lines are not signi�cant.
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Figure 5.8: Di�erences betweenranks for environment 1 (single target): pes2| Di�erences between

the performance of 2 robots compared to 2 to 8 robots using the pessimistic system. pes3 |

Di�erences between the performance of 3 robots compared to 2 to 8 robots using the pessimistic

system. opt2 | Di�ere nces between the performanceof 2 robots compared to 2 to 8 robots using

the optimistic system. opt3 | Di�erences betweenthe performanceof 3 robots comparedto 2 to 8

robots using the optimistic system. Points in betweenthe two horizontal lines are not signi�cant.
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Figure 5.9: Di�erences between ranks for envir onment 2 (single target): ind2/ind3 | Di�erences

between the performance of 2/3 robots compared to 2 to 8 robots using the non-sharing system.

pes2/pes3/pes4/pes5-Di�e rencesbetween the performance of 2/3/4/5 robots compared to 2 to 8

robots using the pessimisticsystem. opt2/opt3/opt4- Di�erences betweenthe performanceof 2/3/4

robots compared to 2 to 8 robots using the optimistic system. Points in betweenthe two horizontal

lines are not signi�cant.
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Figure 5.10: Di�erences betweenranks for environment 3 (single target): ind2 | Di�erences between

the performance of 2 robots compared to 2 to 8 robots using the non-sharing system. pes3 |

Di�erences between the performance of 3 robots compared to 2 to 8 robots using the pessimistic

system. Points in betweenthe two horizontal lines are not signi�cant.
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5.5 Multi-target Search

In the multi-target experiment [12], the robots explored the environments shown in

�gures 5.1-5.3.As with thesingletarget search, each system(non-sharing,pessimistic

and optimistic) completedthe task in groupsof two to eight robots over threedi�eren t

environments. Each group completedtwenty runs. The mean completion times for

each system,within each environment, are shown in table 5.6. The fastest time for a

category is shown in bold . Full results are given in appendix A.2.

Table 5.6: Mean completion (seconds)for each system in each environment for 2-8 robots, to 1 d.p.

2 3 4 5 6 7 8

Environmen t 1
non 300.0 195.0 284.0 241.1 189.2 250.0 163.3
pes 184.5 183.5 104.8 135.1 126.3 165.0 104.0
opt 195.0 188.5 149.5 117.7 85.0 138.9 139.1

Environmen t 2
non 123.3 127.1 85.0 73.9 25.9 37.1 26.7
pes 70.2 48.5 53.8 62.3 37.7 28.0 25.4
opt 76.5 68.6 52.4 45.7 42.2 38.4 40.6

Environmen t 3
non 249.0 173.2 163.3 104.6 170.3 198.5 103.5
pes 116.2 94.5 135.7 114.5 98.8 103.6 83.3
opt 135.4 110.0 163.6 111.8 118.6 76.3 75.4

By looking at table 5.6, it can be seenthat in environment 1, the pessimistic

systemperformsbest with two to four robots, whilst the optimistic systemperforms

better with �v e to seven robots. In environment 2, the pessimisticsystemperforms

best with two to three robots and seven to eight robots, whilst the optimistic system

performs better with four to �v e robots. In environment 3, again the pessimistic

systemperformsbest with two to four robots, whilst the optimistic systemperforms

better with seven to eight robots.

5.5.1 Comparison Across Systems

Using the Kruskal-Wallis test described in section5.3.1, the following results are ob-

tained. Table5.7shows that in environment 1 both the pessimisticand the optimistic
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systemperform signi�cantly better than the non-sharingsystemin all but one case

(3 robots). Non-signi�cant di�erences are shown in italics or omitted wherepossible

for brevity. The results are clearly visible in �gure 5.11. In environment 2, the pes-

simistic systemsigni�cant ly outperformsthe non-sharingsystemin the 2 and 3 robot

cases.The optimistic systemsigni�cantly outperformsthe non-sharingsystemin the

2, 3 and 5 robot cases.The results are clearly visible in �gur e 5.12. In environment

3, both the sharingsystemssigni�cantly outperformedthe non-sharingsystemin the

2 and 7 robot cases.This is shown in �gure 5.13. As with the singletarget case,the

sharing system'sperformancedid not di�er signi�cantly.

Table 5.7: Signi�cant di�erences betweenthe non-sharing(R1), pessimistic (R2) and optimistic (R3)

systemsfor the multi-target case(to 1 d.p.)

R1 � R2 R1 � R3

Tw o Rob ots
env 1 16.5 15.1
env 2 17.8 15.1
env 3 17.1 11.7

Three Rob ots
env 2 24.8 19.7

Four Rob ots
env1 26.4 17.8

Fiv e Rob ots
env1 15.7 18.4
env 2 2.4 11.8

Six Rob ots
env 1 11.8 20.2

Seven Rob ots
env 1 13.0 15.9
env 3 16.5 19.9

5.5.2 Comparison Across Size

Onceagain, using the Friedman test described in section5.3.2, the following results

areobtained. Table5.8showsthat the non-sharingsystem performedbetter with 6 or

more robots in environments 1 and 2. Signi�cant di�erences are shown in bold , non-
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signi�cant di� erencesare omitted wherepossiblefor brevity. The pessimisticsystem

results suggestno signi�cant advantage can be gained by increasingthe number of

robots within the system. Table 5.9 shows that the optimistic systemperformedbest

with 6 or more robots in environments 1 and 2. Signi�cant di�erences are shown in

bold . The results discussedare clearly visible in �gures 5.14,5.15and 5.16.

Table 5.8: Signi�cant di�erences between the numbers of robots, for the non-sharing system. For

the multi-tar get case. (to 1 d.p.)

4 5 6 7 8

Environmen t 1
2 robots 9.0 25.5 41 19.5 47.5

Environmen t 2
2 robots 33.0 27.5 59.0 50.5 49.0
3 robots 49.0 43.5 75.0 66.5 65.0

Environmen t 3
2 robots 19.5 29.5 12.5 11.5 39.0

Table 5.9: Signi�cant di�erences betweenthe numbers of agents, for the optimistic system. For the

multi-target case. (to 1 d.p)

6 7 8

Environmen t 1
2 robots 42.5 15.5 17.5
3 robots 44.0 17.0 19.0

Environmen t 2
3 robots 38.0 39.5 26.0

Environmen t 3
2 robots 22.5 48.0 54.5
3 robots 13.0 38.5 45.0
4 robots 25.0 50.5 57.0

5.5.3 Discussion of Multi-target Results

The results show that the sharingsystemsperform signi�can tly better than the non-

sharingsystem. As with the singletarget case,it wasobserved that the performance

of the pessimistic and optimistic systemsdid not di�er signi�cant ly. Again, it is
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believed that this may be due to the limited amount of noisewithin the simulation

and that the di�erences in the sharingsystems'performancewill be moreapparent in

the real world. The observation that both the non-sharingand the optimistic system

perform better with six or more robots makessenseas, in the caseof the non-sharing

system, more robots in the environment results in a greater area coverage. In the

caseof the optimistic system,as well as having the samebene�ts of the non-sharing

system,more robots result in more information being sharedand so each robot can

make better decisions. The observation that the pessimistic systemdid not bene�t

from an increasednumber of robots was not expectedand requiresfurther research.

5.6 Summary

In this chapter, the simulated experimental setup has beendiscussed.The potential

�eld sharing systemwas comparedagainst a non-sharingsystemover three di�eren t

environments with varying group sizes. In order to aid fast prototyping no noise

was added to the simulation. The e�ect of noise on the systemswas left for the

investigation on real robots.

In both setsof experiments, single target and multi-target, the behaviour of the

systemswas similar. This is due to the fact that the addition of targets merely

increasesthe number of obstaclesin the environment and, therefore, only a�ect s

performance(in terms of task completion time) rather than behaviour. It wasshown

that the pessimisticsystemsigni�cant ly outperformed the non-sharingsystemwith

group sizesof �v e or more robots and that the optimistic systemoutperformed the

non-sharingsystemwith six or more robots.

Larger group sizes increasedthe performanceof all the systems;the non-sharing

system'sperformanceincreasedwith 4 or more robots when comparedto the per-

formanceof just 2 or 3 robots. The pessimisticsystem only showed an increasein

performancein the one target case,wheregroupsof 6 or more robots outperformed

groups of 2 to 4 robots. The optimistic system's performanceincreasedwhen in

groupsof 6 or more robots when comparedagainst groupsof just 2 to 4 robots.

The experiments, presented in this chapter, have helped this project meet oneof
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its goalsgiven in chapter 1.

� To design and implemen t a multi-rob ot system that is not relian t

up on explicit information gathered from other rob ots.

The potential �eld sharing method did not at anytime, during the simulation

experiments, explicitly co-ordinate the team members. Co-ordination was an

emergent property of combined potential �elds.

The � ndings from the experiments discussedin this chapter were published in the

following conferenceproceedingsand book chapter.

� J.L. Baxter, E.K. Burke, J.M. Garibaldi & M. Norman, \The E�ect of Poten-

tial Field Sharing in Multi -Agent Systems", In the proceedings of 3rd Interna-

tional Conference on AutonomousRobots and Agents(ICARA 2006), Palmer-

ston North, New Zealand,12th-14th December, pp 33-38,2006.

� J.L. Baxter, E.K. Burke, J.M. Garibaldi & M. Norman, \Multi-Rob ot Search

and Rescue:A Potential Field BasedApproach" , in AutonomousRobots and

Agents, series: Studies in Computational Intelligence book series, Vol. 76,

Mukhopadhyay, Subhas;SenGupta, Gourab (Eds.), Springer-Verlag, pp 9-16,

2007.
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Figure 5.11: Di�erences between ranks for environment 1 (multiple targets): R12 | di�erences

betweenthe performanceof the non-sharing system and the pessimisticsystem. R13 | di�erences

between the performance of the non-sharing system and the optimistic system. Points in between

the two horizontal lines are not signi� cant.
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Figure 5.12: Di�erences between ranks for environment 2 (multiple targets): R12 | di�erences

betweenthe performanceof the non-sharing system and the pessimisticsystem. R13 | di�erences

between the performance of the non-sharing system and the optimistic system. Points in between

the two horizontal lines are not signi� cant.
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Figure 5.13: Di�erences between ranks for environment 3 (multiple targets): R12 | di�erences

betweenthe performanceof the non-sharing system and the pessimisticsystem. R13 | di�erences

between the performance of the non-sharing system and the optimistic system. Points in between

the two horizontal lines are not signi� cant.
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Figure 5.14: Di�erences between ranks for environment 1 (multiple targets): ind2 | Di�erences

betweenthe performance of 2 robots comparedto 2 to 8 robots using the non-sharing system. opt2

| Di�erences betweenthe performanceof 2 robots comparedto 2 to 8 robots using the optimistic

system. opt3 | Di�ere nces between the performanceof 3 robots compared to 2 to 8 robots using

the optimistic system. Points in between the two horizontal lines are not signi�cant.
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Figure 5.15: Di�erences between ranks for environment 2 (multiple targets): ind2 | Di�erences

betweenthe performanceof 2 robots comparedto 2 to 8 robots using the non-sharing system. ind3

| Di�erences betweenthe performanceof 3 robots comparedto 2 to 8 robots using the non-sharing

system. opt3 | Di�ere nces between the performanceof 3 robots compared to 2 to 8 robots using

the optimistic system. Points in between the two horizontal lines are not signi�cant.
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Figure 5.16: Di�erences between ranks for environment 3 (multiple targets): ind2 | Di�erences

betweenthe performance of 2 robots comparedto 2 to 8 robots using the non-sharing system. opt2

| Di�erences betweenthe performanceof 2 robots comparedto 2 to 8 robots using the optimistic

system. opt3 | Di�ere nces between the performanceof 3 robots compared to 2 to 8 robots using

the optimistic system. opt4 | Di�erences betweenthe performanceof 4 robots comparedto 2 to 8

robots using the optimistic system. Points in betweenthe two horizontal lines are not signi�cant.
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Chapter 6

Lab oratory Search Problems

6.1 In tro duction

After the completion of the simulated experiments, the next phase was to run a

number of experiments on real robots in a laboratory environment. In this chapter,

the Miabot (Mobile Intelligent Autonomous Robot) and the laboratory setup used

in the experiments in this chapter and chapter 7 are described. In the experiments

in this chapter, the robots had the same task to completeas in the simulated single

target search problem (seechapter 5). However, the size of the environments was

considerablysmaller due to restrictions in the overheadcamerasystem(discussedin

further detail in section6.3). Results for theseexperiments are shown and analysed,

and the chapter endswith a summary.

6.2 Rob ot Speci�cation

The type of robot used in the experimentation was a Merlin Miabot Pro (more in-

formation is available in section 3.2), see�gure 6.1. Each robot was approximately

18cm � 8cm � 8cm and was equipped with the following sensors/actuators:

� Position2d: a di�eren tial steering drive, with an optical encoder resolution of

0:04mm and a maximum reported speedof 3:5m=s. As in the simulation, the

Miabot is non-holonomic.
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Figure 6.1: Merlin Miabot Pro with ultra-sonic sensorarray and cameramodules.

� Sonar: an ultra-sonic sensorarray with a range of approximately 3cm � 2m

and a �eld-of-view of approximately 360o. As with the simulated Miabot, small

gapsof approximately 15o existedbetweeneach individual sensor.

� Blob-�nder : a camerawith a �xed forward orientation and 30o �eld-of-view.

An on-board blob-�nder algorithm tracked the environment for a single blob

de�ned by an RGB value sampled from a single frame grabbed from a camera

approximately 30cm away from the target. Unlike the simulated blob-�nder,

the real blob-�nder has no physical range limit as such. However, the furt her

an object is from the camerathe moreout of focusit becomes,making it harder

to di�eren tiate speci�c blobs from the background.

In order to control the Miabots using the Player architecture, a Player plug-in

driver was developed for the Miabot (seesection3.3.4 for more details).
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In order to position the Miabots accurately within the environment neededby the

sharingsystemsand the hybrid system(discussedin detail in chapter 7), an overhead

camerasystemwasusedto track theMiabots (more information is provided in section

3.2.4). Again, a Player plug-in driver was developed to add the tracking systemto

the Player environment. Seesection3.3.5 for more information.

6.3 Environmen t Speci�cation

As our overheadtracking systemcould not cover the samearea as was used in the

simulated experiments, the experimental environments had to be redesigned.It was

decided to test the systemson three di�eren t environments di�ering in the num-

ber of obstaclespresent, from a sparseenvironment (20% obstacle coverage) to a

cluttered environment (40% obstaclecoverage); see�gures 6.2, 6.3 and 6.4. The po-

sitions of obstacles,the target, and the Miabot's starting location in the cluttered

environment were generatedrandomly. To create the sparse environments four ob-

stacleswereremoved randomly (one from each imagequarter) to createenvironment

2, and another four to make environment 3. Each environment was approximately

1:7m � 2:5m, as this was the maximum area that the overheadcamerasystemcould

cover, and was enclosedwithin 15cm high walls. The target was a pink can ap-

proximately 12cm � 7cm � 7cm. Obstacleswere rectangular boxes approximately

16cm � 12cm � 8cm.

6.3.1 Environmen t Noise

Unlike in simulation, in which the Miabots weregiven perfect (noiseless) information,

the environment in the lab had numeroussourcesof noise. A brief description of the

major contributors to noisenow follows:

� Ultra-sonic sensors: Each Miabot used in the experimentation was equipped

with an ult ra-sonic sensorarray as described earlier. The most fundamental

thing to remember whenusingultra-sonic sensorsis that the retrieval of echoes

is not guaranteed due to numerous environmental factors that could lead to



6. labora tor y sear ch pr oblems 143

Figure 6.2: Overhead view of the arena (two camera frames): Environment 1 | cluttered (with 5

Miabots at their initial starting locations). The target is circled.

Figure 6.3: Overheadview of arena (two camera frames): Environment 2 | normal. The target is

circled.
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Figure 6.4: Overhead view of arena (t wo camera frames): Environment 3 | sparse. The target is

circled.

the sourcesingle being absorbed, or the echo dissipating before reaching the

transceiver on the ultra-sonic sensor.

One of the drawbacks of manufacturing ultra-sonic sensorsto the required size

to be mounted on a Miabot is that the frequencies usedby the sensorsare set

by the manufacturer and cannot be altered. As all of the ultra-sonic sensorsare

set to the samefrequency, if two ultra-sonic sound wavesfrom di�eren t Miabots

collide,then the result is either false object detection at the point of collision,

or no echo is received by the Miabots resulting in no object detection. Both of

thesesituations can be dangerousas either the Miabots avoid objects that are

not there, or do not avoid objects that are there. An exampleis shown in �gure

6.5.

The ultra-sonic sensorarray is mounted approximately 8cm from the baseof

the Miabot and the individual sensorshave a �eld of view (FOV) of 300. The

likelihood of the sensorreceiving false positives (re
ections of the 
o or being

classedas obstacles)is quite high. Using trigonometry, it is known that the
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Figure 6.5: Example of ultra-sonic collisions. In caseA, the collision stopsboth robots from detecting

the object in the top left corner. In case B, the collision stops robot 1 from detecting the object in

the bottom right corner.

theoretical point at which the sonar wave will hit the 
o or is tan(75) � 8 =

29:86cm, as shown in �gure 6.6.

As the minimum range of the ultra-sonic sensorsis 3cm, any object that gets

closer to a Miabot than that may cause a collision. Miabots can collide with

three di�eren t t ypes of objects within the environment; obstacles,the target

or other Miabots. If a Miabot collideswith an obstacle,the Miabot can move

the obstacleout of the way, and resumethe search after getting clear of the

obstacle(assumingthe Miabot hassu�cien t momentum to move the obstacle).

If this happens during an experimental run using the wavefront propagation
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Figure 6.6: Illustration of ultra-sonic sensorboresight.

path planner, the result could be a lesse�cien t path being plotted to a goal,

due to planning paths through unmapped obstacles,more information on the

wavefront algorithm is given in section 7.2.1. Otherwise, the Miabot may get

stuck against the obstacle(in the caseof the potential �eld systems,as they

do not implement a crash recovery mechanism) or they will take an unknown

amount of time to recover from the crash.

If a Miabot collides with the target, it will push the target until it becomes

unattached (as the target's weight is much lower than the Miabot's). This

could either be helpful, by moving the target into a more accessibleareaof the

arena,or un-helpful, by moving the target to a lessaccessiblepart of the arena.

If a Miabot collides with another Miabot, then either it will be a glancingblow

and the Miabots will carry on asnormal or, as in the obstaclecase,the Miabot

will be stuck for an unknown amount of time, perhapsinde�nitely .

� Blob-�nder : Unlike in simulation, in which all objects within the environment

had a single uniform colour, in the real world objects are made up of many

colours. Even objects that are one colour to the naked eye are in fact many
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variations of the colour at the blob-�nder level. As such, the blob-�nder is

susceptibleto both falsepositivesand falsenegativ es. An exampleof the type

of blob data received is given in �gure 6.7, where multiple blobs are tracked

from the sametarget.

Figure 6.7: Example of blob data: The Miabot is approximately 15cm from the target. Mul tiple

blobs are found. The rectanglesrepresent areasof the image with the sameRGB value.

Falsepositivesoccurwhenthe blob-�nder detectsthe correct RGB valuefor that

target, but in fact is not \lo oking" at the target. To overcome this a minimum

area is de�ned, all blobs that have an area smaller than thi s are disquali�ed

as possibletargets (in the example only the large blob would be classedas a

target). However, when a Miabot does have a false positive, the experiment

must be restarted, as the reliabilit y of the blob-�nder is not being tested.

Falsenegativesoccur whenthe blob-�nder fails to detect the target even though

it is \lo oking" at it. This happens if the Miabot getstoo closeto the target and

so the target area is too small to be recognised,or due to lighting conditions
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such as shadows cast by other Miabots

� Tracking system: The tracking system used to track the Miabots acrosstwo

separatecameraframesis heavily a�ected by lighting conditions. To help create

stable conditions, the windows to the laboratory were blacked out in order

to stop natural light entering. However, due to the laboratory con�guration,

the arena in which the Miabots perform experiments is directly below a light

�tting. This can be seein �g ures 6.2, 6.3 and 6.4 with the bright patch of

light. Positioning the Miabots whilst they are in this areais lessaccuratethan

when the Miabots are in other parts of the arena. The inaccuracyis only really

apparent when the Miabots are moving at a velocity under 10cm=s, and it

usually results in an incorrect orientation calculation.

The areaof the arenacoveredby both of the cameraframesis alsoan areawhere

the calculatedorientation can be inaccurate. The reasonfor this is a limitation

within the tracking system, in that when a Miabot moves in betweenthe two

frames, the smallest tracking blob can be lost, leading to a false orientation

being reported.

The tracking system works by �nding three blobs (two large, one small) that

are within closeproximit y to each other. However, if two Miabots collide with

each other, the blobs from two di�eren t Miabots can be usedto calculate the

position of one Miabot, hencecreating a false position. Collisions can also

lead to Miabots swapping positioning IDs, if the tracking systemmistakesone

Miabot for another. This will result in the Miabots carrying out commands

which have no relation to their current position. More can be read about the

tracking systemin section3.2.4.

� Communications Lag: The Miabots communicate to the Player server through

a virtual serial communications link, via Bluetooth. Bluetooth hasa number of

well known lag issues(including its very nature of being a serial link), mostly

related to the continuous loading of the stack that is used to assurereliable

wirelesscommunications. As such, the lag between a Miabot completing an
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action and sending information back to the Player server can be up to 40ms.

The Miabots weredesignedwith only onecommunicationsbus. This leadsto the

inevitable fact that the moredevicesconnected to the Miabot, the higher the lag

betweensendand receive commands. In experimentation, only three modules

are used: the motor drive; the ultra-sonic sensorarray; and the blob-�nder. As

the motor drive only receivescommands,its impact on communications lag is

insigni�cant. However, the ultra-sonic sensorarray and the blob-�nder poll the

bus continuously throughout the experiment. With the addeddesignfeature of

the blob-�nd er being the master of the bus, this leadsto the ultra-sonic data

not being transmitted to the Player server until the blob-�nder is �nished with

the bus. This can obviously lead to the Miabot not only processingcommands

slowly but also to putting it at risk of colliding with obstaclesin areaswith a

high blob count.

� Slippage: Unlike in the simulation experiments in which input and output of

the motors are related by a linear function, on the real Miabots a number of

factorscauseunexpectedmotor behaviour. Theseincludewheelslippage;weight

distribution; e�ciency of motors; voltage level; and dominance of individual

motors. However, the weight distribution and voltage levels of individuals can

be controlled within acceptablelimits during experimentation. The e�cie ncy

and dominanceof individual motors and the e�ect of wheelslippageare factors

that can only be tackled by providing each Miabot with its own individual low

level motor controller, which is a research areanot coveredby this thesis.

6.4 Single Target Search

During this experiment, the motion of the Miabots was limited to either move for-

wards or rotate. They moved forward at approximately 0:1m=s, rotated at approxi-

mately 0:87rad=s (with a forward motion of approximately 0:005m=s, to avoid help

avoid the oscillation problemsdiscussedin section 2.6.1). The on-board blob-�nder

algorithm in the camerawasusedto detect the colour of the target. Oncethe target
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was veri�ed by the blob-�n der, the Miabot(s) cameto a permanent halt.

Table 6.1 shows the average time taken, in seconds,for each systemto complete

the search task with a given group size. The best result for each group sizeis shown

in bold . Full results are given in appendix A.3.

Table 6.1: Mean completion (seconds) for each system in each environment for 2-8 Miabots, to 1

d.p.

2 3 4 5 6 7 8

Environmen t 1
non 266.0 220.6 216.3 232.8 219.3 236.1 172.4
pes 273.7 228.9 177.9 174.6 187.3 212.9 167.2
opt 291.0 243.2 221.8 197.1 194.8 225.3 169.2

Environmen t 2
non 219.4 184.4 160.1 219.4 180.9184.5 167.4
pes 182.5 161.8 140.2 115.4 164.4 189.0 153.7
opt 216.2 212.1 134.5 183.9 167.4 187.8 178.2

Environmen t 3
non 189.4 161.6 143.9 154.9 111.8 84.9 102.1
pes 216.8 177.4 171.7 143.9 107.1 102.2100.1
opt 207.0 163.1 117.0 97.3 65.0 119.7 101.2

It can be seenthat, in the cluttered environment (environment 1), the pessimistic

systemperformedbest in group sizesof 4 or more. In environment 2, the pessimistic

systemperformedbest in all group sizesin all but two cases(4 and 8 Miabots). In the

sparseenvironment (environment 3), the optimistic systemperformedbest in groups

of 4 to 6 Miabots.

6.4.1 Comparison Across Systems

The Kruskal-Wallis test, previouslydescribed in section(5.3.1), wasusedto compare

the performanceof each systemagainst the other systemsover the di�eren t environ-

ments. Table 6.2 shows the di�erences betweenthe meansof ranks for environments

1 and 2. Signi�cant di�er encesare in bold , non-signi�cant di�erences are omitted

wherepossiblefor brevity. It can be seenfrom table 6.1, despitesomeclear trends,

that in environment 1, only two signi�cant casesoccur. The pessimisticsystemper-
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formed better than the non-sharing system with �v e Miabots and the pessimistic

systemperformedbetter than the optimistic systemwith four Miabots. This can be

seenclearly in �gure 6.8, in which, points betweenthe horizontal lines relate to there

beingno signi�cant di�erence betweenthe performancesof all the systems.Again, in

environment 2, only two signi�cant casesoccur, with the pessimisticsystemoutper-

forming the non-sharingand optimistic systemswith �v e Miabots. This can be seen

clearly in �gure 6.9. Note that no signi�cant casesoccurred in environment 3.

Table 6.2: Signi�cant di�erences between the non-sharing (R1), pessimistic (R2) and optimistic

(R3), systems(to 1 d.p.)

2 3 4 5 6 7 8

Environmen t 1
R1 � R2 -1.8 -0.5 9.9 13.5 7.5 5.3 2.3
R2 � R3 -3.5 -3.9 -12.1 -4.7 -1.8 -3.1 -0.1

Environmen t 2
R1 � R2 6.55 5.0 0.5 20.7 3.8 -1.8 3.5
R2 � R3 -5.2 -10.5 6.2 -13.6 -1.1 0.4 -5.8

6.4.2 Comparison Across Size

The Friedmantest wasusedto comparethe performanceof each systemwith di�ering

group sizes.Seesection5.3.2 for more information on the Friedman test.

Tables6.3, 6.4 and 6.5 show the di�erences betweenthe column sumsfor di�er-

ent group sizesfor each system. Signi�cant di�erences are in bold , non-signi�cant

di�erences are omitted wherepossiblefor brevity. It can be seenagain, that despite

clear trends from table 6.1, only one caseoccurs for the non-sharingsystemof any

statistical signi�cance. This is where groups of 8 Miabots out perform groups of

two Miabots. This can be seenin �gure 6.10. For the pessimist ic system,again the

number of signi� cant casesis low with groupsof four, �v e, six and eight Miabots out

performing groups of two Miabots. This can be seenin �gure 6.11. The optimistic

systemhas similar results with groupsof �v e, six and eight Miabots out performing

groupsof two Miabots. This canbeseenin �gure 6.12. Note that only in environment

1 did the sizeof groupshave any e�ect on a systemsperformance.
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Table 6.3: Signi�cant di�erences between the number of Miabots, for the non-sharing system in

environment 1, to 1 d.p.

2 3 4 5 6 7 8

2 Miabots NA 25.5 27.0 22.0 24.0 16.043.0
8 Miabots -43.0 -17.5 -16.0 -21.0 -19.0 -27.0 NA

Table 6.4: Signi�cant di�erences between the number of Miabots, for the pessimistic system in

environment 1, to 1 d.p

2 3 4 5 6 7 8

2 Miabots NA 25.0 51.0 58.5 43.5 35.0 56.5
4 Miabots -51.0 -26.0 NA 7.5 -7.5 -16.0 5.5
5 Miabots -58.5 -33.5 -7.5 NA -15.0 -23.5 -2.0
6 Miabots -43.5 -18.5 7.5 15.0 NA -8.5 13.0
8 Miabots -56.5 -31.5 -5.5 2.0 -13.0 -21.5 NA

Table 6.5: Signi�cant di�e rences between the number of Miabots, for the optimistic system in

environment 1, to 1 d.p.

2 3 4 5 6 7 8

2 Miabots NA 26.5 34.0 58.0 55.5 35.5 63.5
5 Miabots -58.0 -31.5 -24.0 NA -2.5 -22.5 5.5
6 Miabots -55.5 -29.0 -21.5 2.5 NA -20.0 8.0
8 Miabots -63.5 -37.0 -29.5 -5.5 -8.0 -28.0 NA

6.4.3 Comparison Across Environmen ts

The Kruskal-Wallis test was employed to compare system performance acrossthe

three di�eren t environments (seesection5.3.1 for more information on the Kruskal-

Wallis test).

Tables6.6, 6.7 and 6.8 show the di�erences betweenthe meansof ranks for each

system acrossthe three di�eren t environments. Signi�cant di�erences are in bold ,

and non-signi�cant di�erences omitted where possible for brevity. It can be seen

that the non-sharingsystemsperformanceincreasedasthe environment becamemore

sparse.The non-sharingsystemperforming better in environment 3 than in environ-

ment 1 in every casebut one (3 Miabots), and better in environment 3 than in envi-
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ronment 2 with six or moreMiabots. This can be seenin �gure 6.13. The pessimistic

systemperformanceworsenedthe moresparsethe environment became (whena small

number of Miabots weredeployed). The pessimistic systemperformedbetter in envi-

ronment 2 than in environment 1 with up to �v e Miabots, and better in environment

3 than in both environment 1 and 2 in caseswith six or more Miabots. This can be

seenin �gure 6.14. The optimistic system performanceincreased,the more sparse

the environment became.The optimistic systemperformed better in environment 3

than in environment 1 in all casesand it performedbetter in environment 3 than in

environment 2 with �v e or more Miabots. This can be seenin �gure 6.15.

Table 6.6: Signi�cant di�erences betweenmeans,non-sharing system, to 1 d.p.

2 3 4 5 6 7 8

env 1 | env 3 11.9 10.7 13.6 13.7 19.7 27.4 17.1
env 2 | env 3 5.7 5.4 2.7 10.6 12.8 19.2 14.9

Table 6.7: Signi�cant di�erences between means,pessimisticsystem, to 1 d.p.

2 3 4 5 6 7 8

env 1 | env 2 15.1 12.0 9.6 12.0 5.6 4.9 3.2
env 1 | env 3 8.8 8.5 2.3 9.2 18.8 22.2 16.0
env 2 | env 3 -6.3 -3.5 -7.3 -2.8 13.2 17.2 12.8

Table 6.8: Signi�cant di�erences between means,optimistic system, to 1 d.p.

2 3 4 5 6 7 8

env 1 | env 2 9.8 5.9 15.5 3.3 5.6 7.2 -2.4
env 1 | env 3 13.0 13.4 19.0 20.4 28.3 19.9 16.3
env 2 | env 3 3.2 7.5 3.5 17.1 22.7 12.7 18.7

6.4.4 Comparison to Simulation Results

Only the pessimisticsystem with �v e Miabots signi�cantly outperformed the non-

sharing system in the cluttered environments (environments 1 and 2). This is in
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contrast to our simulation results, shown in chapter 5, in which both the pessimistic

and the optimistic system outperformed the non-sharing system with six or more

Miabots. This is unlike in the simulation experiments where the results show that

groups of 6 or more Miabots outperformed groups of 5 or less. In the laboratory

experiments, only groupsof 2 Miabots performedsigni�cantly worsethan other group

sizes.The di�erences in resultsweredue to the inherent noisewithin the real Miabot

sensorswhich was not taken into considerationin the simulations.

6.4.5 Discussion of Single-target Results

The results show that the pessimisticsystem performed better in the more sparse

environment (environment 3) than in the cluttered environments (environments 1 and

2) with six or moreMiabots. It is believed that this is due to the emergent behaviour

of the pessimisticsystem to be more cautious and henceable to navigate through

cluttered environments better than the lesscautiousoptimistic system. However, the

optimistic systemperformedbetter in the more sparseenvironment (environment 3)

with 2 or moreMiabots than in the cluttered environment (environment 1), and with

�v e or more Miabots than in environment 2. It is believed that this is becausethe

emergent behaviour of the systemis lesscautious and, hence,its navigation through

sparseenvironments is more e�ectiv e. Perhapssurprisingly, the size of the Miabot

groups only had an e�ect in the cluttered environment (environment 1). This is

probably due to the fact that a higher number of Miabots allowed the group to

saturate the environment. The limited size of the environment was probably an

important factor. In a larger environment, it is hypothesisedthat the number of

Miabots in the groupwould havea moresigni�cant impact on a system'sperformance.

The di�erencesbetweenthe simulation and laboratory resultsweredueto the inherent

noisewithin the real Miabot sensorsand the laboratory environment.
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Figure 6.8: Di�e rencesbetween ranks for environment 1: R12 | di�erences between non-sharing

and pessimistic systems. R13 | di�erences between non-sharing and optimistic systems. R23 |

di�erences between pessimistic and optimistic systems. Points in between the two horizontal lines

are not signi�cant. Points in between the two horizontal lines are not signi�cant.
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Figure 6.9: Di�e rencesbetween ranks for environment 2: R12 | di�erences between non-sharing

and pessimistic systems. R13 | di�erences between non-sharing and optimistic systems. R23 |

di�erences between pessimistic and optimistic systems. Points in between the two horizontal lines

are not signi�cant. Points in between the two horizontal lines are not signi�cant.
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Figure 6.10: Di�erences between ranks for the non-sharingsystem: Di�erences between performance

of 2 robots comparedto 3 to 8 robots. Points in betweenthe two horizontal lines are not signi�cant.
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Figure 6.11: Di�erences betweenranks for the pessimisticsystem: Di�erences betweenperformance

of 2 robots comparedto 3 to 8 robots. Points in betweenthe two horizontal lines are not signi�cant.
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Figure 6.12: Di�erences between ranks for the optimistic system: Di�erences between performance

of 2 robots comparedto 3 to 8 robots. Points in betweenthe two horizontal lines are not signi�cant.



6. labora tor y sear ch pr oblems 160

Figure 6.13: Di�erences between ranks for the non-sharing system: R12 | di�erences between

Environment 1 and Environment 2. R13 | di�erences betweenEnvironment 1 and Environment 3.

R23 | di�erences betweenEnvironment 2 and Environment 3. Points in betweenthe two horizontal

lines are not signi�cant.
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Figure 6.14: Di�erences between ranks for the pessimistic system: R12 | di�erences between

Environment 1 and Environment 2. R13 | di�erences betweenEnvironment 1 and Environment 3.

R23 | di�erences betweenEnvironment 2 and Environment 3. Points in betweenthe two horizontal

lines are not signi�cant.
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Figure 6.15: Di�erences betweenranks for the optimistic system: R12 | di�erences between Envi-

ronment 1 and Environment 2. R13 | di�erences betweenEnvironment 1 and Environment 3. R23

| di�erences between Environment 2 and Environment 3. Points in between the two horizontal

lines are not signi�cant.



6. labora tor y sear ch pr oblems 163

6.5 Summary

In this chapter, the laboratory experimental setup hasbeendescribed. The potential

�eld sharing system was compared against a non-sharing control in three di�eren t

environments (di�eren tiated by object density), with group sizesof 2 to 8 Miabots.

It hasbeenshown that in groupsof �v e or more Miabots, the pessimisticvariant

of our potential �eld sharing systemoutperforms the non-sharingcontrol. This is in

contrast to our simulation �ndings whereboth variants outperformed the control.

The chapter also demonstrated the relationship between the density of objects

within the environment and systemperformance.The pessimisticvariant performed

better in the cluttered environment than the optimistic variant, and the optimistic

variant performedbetter in the sparseenvironment than the pessimisticvariant . This

is due to the pessimistic system being more cautious (in terms of belief in sensor

data) than the optimistic system,which is of bene�t in cluttered environments. The

optimistic systemis lesscautious. This is a bene�t in sparseenvironments.

Interestingly, group sizehad little e�ect on the performanceof any of the systems.

The non-sharingsystemperformedbetter with 8 Miabots than with 2, the pessimistic

system performed better with 4 or more Miabots than with 2, and the optimistic

system performed better with 5 or more Miabots than with 2. The reasonfor the

improvement in performancein the cluttered environment was due to the increased

number of robots allowing thesystemsto increaseareacoverage.Thesharingsystems

havea lower thresholdfor this improvement dueto the bene�ts of sharinginformation.

The experiments, presented in this chapter, have helped this project meet two of

its goalsgiven in chapter 1.

� To design and implemen t a multi-rob ot system that is not relian t

up on explicit information gathered from other rob ots.

As with the simulation experiments, the potential �eld sharingmethod did not

at anytime explicitly co-ordinate the team members, in the set of experiments

discussedin this chapter. Co-ordination wasan emergent property of combined

potential �elds.
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� To evaluate the multi-rob ot system with real rob ots.
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Chapter 7

Comparison Against a Hybrid System

7.1 In tro duction

The next logical set of experiments was to comparea \known" robotic architecture

against the potential �eld sharing method presented in this thesis.

The potential � eld sharingsystemgathersno information about the environment

a priori and sensorinputs have a direct relationship to motor actions. As such,

the system can be classi�ed as a reactive system, as discussedin section 2.3.1. It

was decidedthat it would be interesting to comparethis reactive system against a

non-reactive system,which left the choiceof either a deliberative systemor a hybrid

system,both of which arediscussedin detail in section2.3. Given the highly dynamic

nature of the environment within the experiments (multiple moving robots), it was

decidedthat a purely deliberative system could not hope to compete with a reactive

systemin this scenario. Therefore,it wasdecided that it would be comparedagainst

a hybrid system, as knowledge gathered a priori could be used by a deliberative

planner to createfeasiblesolutions,whilst a reactive controller enablesthe systemto

adjust any plans due to unforeseencircumstances.

In this chapter, therefore,a hybrid robotic systemattempts the singletarget search

problem de�ned in chapter 6. Results are shown and compared against the results

obtained by the potential �eld sharing system. The chapter endswith a summary.
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7.2 The Hybrid System

The hybrid system was comprisedof two modules. The deliberative module was the

Wavefront propagation path planner, which when given a map (see �gure 7.1) of

the experimental environment calculated the shortest path to randomly generated

targets. The reactive module, was the ND algorithm developed by Minguez et al., as

described in section 2.3.1,which enablesthe Miabot to avoid non-mapped obstacles.

It is clearly visible by comparing the environments in �gures 6.2-6.4 and the maps,

that the target is not shown in the maps. This is to avoid the Wavefront algorithm

from punishing the Miabot from being too close to the target (via the con�guration

spacedescribed in section7.2.1).

(a) (b) (c)

Figure 7.1: Map �les of the experimental environments provided to the Wavefront propagation

path planner:(a) cluttered, (b) normal, (c) sparse. Note: Target not drawn on maps to avoid the

Wavefront algorithm punishing the Miabot for going near the target.

Randomtargets weregeneratedusinga laggedFibonacci(where j = 273and k =

607)pseudo-randomnumber generatorover a uniform distribution in order to provide

each robot with the \classic" random walk behaviour. The targets x and y positions

and � orientation were all generatedseparately, using the current systemtime as a

seedfor the pseudo-randomnumber generator. This provided a spread of targets

acrossthe environments. An exampledistribution is shown in �gure 7.2 which shows
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that, after two hundred target generations,a high percentage of the environment has

beencovered. It should be noted that the target generationdid not take into account

obstacleswithin the environment. Once given a map of the environment, targets

generatedwithin obstacleswere ignored by the wavefront algorithm (as described in

section7.2.1).

Figure 7.2: Example distribution of 200 points using the laggedFibonacci pseudo-randomnumber

generator: The X and the Y axis represent the arena total area (measuredin meters). In this case,

points were plotted in pairs no closer then 0:2m to each other.

The system was implemented as an unaware multi-rob ot system. However, the

current goalsof all Miabots taking part in the experiment wereglobally available, and

so the current goalsof other Miabots were taken into account when generatingnew

goalsfor Miabots (new goalswereforbidden to be generatedwithin a 20cm radius of

current goals). This is shown in �gure 7.3 with a �v e robot example. The circlesare

the Miabot's current locations, the large triangles are the Miabot's target locations,
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the small triangles are waypoints and, �nally , the straight lines are the suggested

paths (suggestedby the wavefront algorithm). Note that oneof the current locations

is not joined up to a target location. This is becausethe Miabot has wanderedtoo

near an obstacle (represented by black rectangles)and so is in the processof re-

planning. The major advantage of using the Wavefront and ND algorithms was that

drivers already existed for them within the Player architecture. Pleaseseesection

3.3.6 for more information on the Player implementations.

Figure 7.3: Example of a group of 5 Miabots planning paths within environment 2: Note that the

target is not shown on the map.
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7.2.1 The Wavefron t Propagation Algorithm

The algorithm works as follows:

1. Initial ly the algorithm checks whether or not the goal provided is valid, i.e. not

within an obstacle. If the goal is invalid, a new goal is requested.

2. Givena map of the environment, a con�guration spaceof grid cellsis calculated

(the dashedline in �gure 7.4). Each cell is given a cost basedupon its distance

from any obstacles.To save computational time, the radius of the con�guration

around the Miabot is limited to 20cm. All cells outside of the radius are given

a cost value of zero. In the example, the obstaclecost is shown on the right

hand sideof the cells. The limit is represented by a dashedline.

3. Next, the wavefront is calculated. Each cell is given a value basedupon its

distance from the goal. If the cell has an obstaclevalue, this value is added

to the value calculated by the wavefront. In the example, cells outside the

con�guration spaceonly have onevalue. Cells inside have the plan cost on the

left hand sideand the total cost in the middle of the cell.

4. The algorithm then calculatesa path by joining the current location cell and

the goal cell via the lowest available adjacent cells. Thesecellsare highlighted

in the example.

5. If the Miabot gets stuck, a new path is calculated. Various properties can be

set to help detect problems i.e. a distance threshold can be set to force the

algorithm to re-plan if the Miabot gets too closeto an obstacle. Seesection

3.3.6 for detailed information on the Wavefront con�gurat ion.
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Figure 7.4: Example of the wavefront propagation algorithm: The two black rectanglesare known

obstacles.R is the starting location of the robot. G is the goal. The cellshighlighted in red represent

the path calculated by the algorithm.

7.3 Single Target Search

During the hybrid experiments [13], the Miabots had a maximum velocity of approx-

imately 0:1m=s or 10deg=s, and a minimum velocity of 0:02m=s or 5deg=s. Again,

the on-board blob-�nder algorithm in the camerawasusedto detect the colour of the

target. The Miabot(s) cameto a permanent halt oncethe target was found.

Table 7.1 shows the average time taken, in seconds,for the hybrid system to

complete the search task with a given number of Miabots. It is clear that the best

results for a given number of Miabots are all in the sparseenvironment (environment

3). Valuesshown in bold are the best results achieved comparedto the three other

systems(Seetable 6.1). Full results are given in appendix A.4.

Table 7.1: Mean completion (seconds)for the hybrid system in each environment for 2-8 Miabots,

to 1 d.p.

2 3 4 5 6 7 8

Environmen t 1 264.6 267.9 248.4 254.0 209.7 246.6 232.3
Environmen t 2 210.8 230.4 168.9 200.6 219.5155.0 161.4
Environmen t 3 156.7 142.5 128.6 176.8 126.5 115.7 117.9
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7.3.1 Comparison Across Systems

As with the previous laboratory experiments, the Kruskal-Wallis test (see section

5.3.1) is usedto comparethe performance of the hybrid systemagainst the three sys-

tems previously de�ned, over the di�eren t environments. However, as the number of

sampleshas increased,the parametersusedin the test needto be altered. Therefore,

k = 4, N = 80 and z = 2:4 (to 1 d.p.). Table 7.2shows the di�erences betweenthe

meansof ranks for the three potential �eld systemsand the hybrid system. Signif-

icant di�erences are in bold , non-signi�can t di�erences are omitted where possible

for brevity.

Table 7.2: Signi�cant di�erences betweenthe potential �eld systems(non-sharing (R1), pessimistic

(R2) and optimistic (R3)) and the hybrid (R4) system (to 1 d.p.)

4 5 6 7 8

Environmen t 1
R1 � R4 -10.9 -6.1 3.1 -2.9 -17.5
R2 � R4 -23.2 -23.5 -6.8 -9.9 -19.9
R3 � R4 -8.3 -18.2 -4.3 -5.7 -19.5

Environmen t 2
R1 � R4 -7.8 4.5 -10.8 6.0 0.6
R2 � R4 -9.6 -24.3 -15.8 9.1 -4.2
R3 � R4 -16.8 -5.4 -14.2 8.4 3.9

Environmen t 3
R1 � R4 -0.5 -5.9 -10.6 -17.1 -11.8
R2 � R4 6.9 -11.0 -11.2 -8.5 -13.1
R3 � R4 -6.3 -20.4 -22.1 -4.4 -14.5

As only valuesof 17:6 (to 1 d.p.) or higher are signi�cant, it can be seen that,

in environment 1, the hybrid system performs as well as the non-sharing system,

but worsethan the pessimisticsystemwith 5 or lessand 8 Miabots. The optimistic

systemalsoperformsbetter with 5 and 8 Miabots. This can be seenin �gure 7.5 and

table 7.2. In environment 2, the hybrid systemperforms aswell asall of the potential

�eld systems,in all but one case. This can be seenin �gure 7.6 and table 7.2. In

environment 3, the hybrid systemhas the sameperformanceas the non-sharing and

pessimisticsystems.The optimistic systemperformsbetter with 5 to 6 Miabots. Thi s
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can be seenin �g ure 7.7 and table 7.2.

7.3.2 Comparison Across Size

Again, the Friedman test (seesection 5.3.2) was used to comparethe performance

of each system with di�ering group sizes. However, the number of Miabots in the

experiment had no signi�cant e� ect on the performanceof the hybrid systemin any

of the environments.

7.3.3 Comparison Across Environmen ts

Again, the Kruskal-Wallis test was employed to comparesystemperformanceacross

the three di�erent environments. This time, however, the test usedthe parameters

from section5.3.1. As only valuesabove 11:8 (to 1 d.p.) aresigni�can t, it canbe seen

that the hybrid systemclearly performsbetter in environment 3 than in environment

1. This is shown in �gure 7.8 and table 7.3. The performanceacrossthe other

environments are mixed, with the hybrid systemperforming better in environment 2

than in environment 1 with 4 and 7 or more Miabots. In contrast , the hybrid system

performs better in environment 3 than in environment 2 in just two cases(3 and 6

Miabots).

Table 7.3: Signi�cant di�erences between means,hybrid system, to 1 d.p.

2 3 4 5 6 7 8

env 1 | env 2 9.5 6.3 14.3 9.2 -1.2 18.0 15.3
env 1 | env 3 18.6 21.8 23.9 14.0 18.3 26.3 24.5
env 2 | env 3 9.2 15.5 9.5 4.8 19.4 8.3 9.2

7.3.4 Discussion of Single Target Results

The results in this sectionclearly show that the hybrid systemperforms best in the

sparseenvironment (environment 3). This is probably due to two main reasons.

Firstly, the more sparsethe environment, the more valid paths/goals the wavefront

algorithm can plan, which leadsto a greaterareaof the environment being explored.
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Secondly, as the environment was lesscluttered, the ND algorithm could move the

Miabot at its maximum velocity more frequently. The number of Miabots within the

hybrid systemhad no bearing on its performance. This is due to the relatively small

increasein group size,which did not lead to any substantial increasein probability

that the global planner would selecttarget locations near the actual position of the

target within the environment. The hybrid systemperformsaswell asthe non-sharing

system,but worsethan the sharing systems.The optimistic systemperforms better

with 5 to 6 Miabots in the sparseenvironment (environment 3), the pessimisticsystem

performs better in the cluttered environment (environment 1) with 5 or lessand 8

Miabots, whilst the optimistic system performs better with 5 or 8 Miabots. This

is becausethe sharing systemsreact to the least resistancein the shared potential

�eld, whereasthe hybrid systemplots a path of least resistanceto a goal. Hence,the

sharedpotential �eld is moreadaptableto environmental changesthan the wavefront

algorithm i.e. other Miabots moving in the environment.

7.4 Summary

The potential �eld sharing systemwascategorisedasa reactivesystem. As such it was

comparedagainsta non-reactivesystem. The hybrid classof systemwaschosenover a

deliberativesystemdueto their inherent weaknessesin highly dynamic environments.

It has beenshown that the hybrid systemhas a similar performance to the non-

sharing system. It has also beenshown that the sizeof the multi-rob ot systemhas

no bearing on the hybrid system'sperformance. This is thought to be due to the

relatively small increasein group size,which did not lead to an increasedprobability

that the global planner would selecttarget locations near the actual position of the

target within the environment. The hybrid systemperformsbest in the sparseenvi-

ronment. This is probably due to the wavefront algorithm being ableto plot more

goalswithin the environment, increasingthe chancesof a goal near the target. The

ND algorithm canalsomove the Miabot at its maximum speedwhilst in obstaclefree

zones.

The pessimisticsystem performs better than the hybrid systemin the cluttered



7. compariso n against a hybrid system 174

environment with 5 or lessMiabots. The optimisti c systemperformsbetter than the

hybrid systemwith 5 or 6 Miabots in the sparseenvironment. The sharing systems

perform better than the hybrid systemdue to the sharing systems reacting to areas

of least resistance, whereasthe hybrid system plots a path of least resistance. In

the highly dynamic environment usedin the experimentation this reactive designwas

more adaptable.

The experiments, presented in this chapter, have helped this project meet oneof

its goalsgiven in chapter 1.

� To design and implemen t a multi-rob ot system that is not relian t

up on information gathered a priori .

In the experiments, discussedin this chapter, the potential �eld sharingmethod

systemis never given any information concerningthe environment a priori .

The �nding s from the experiments discussedin this chapter have beenpublished

in the following conference proceedings.

� J.L. Baxter, E.K. Burke, J.M. Garibaldi & M. Norman, \Real-world Evalua-

tion of a Novel Potential �eld sharingmethod", In the 5th International Confer-

ence on ComputationalIntel ligence, Robotics and AutonomousSystems(CIRAS

2008), Linz, Austria, 19th-21stJune, pp 73-78,awaiting publication, 2008.
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Figure 7.5: Di�erences betweenranks for environment 1: R14 | di�erences betweenthe non-sharing

system and the hybrid system. R24 | di�erences between the pessimistic system and the hybrid

system. R34 | di�erences betweenthe optimistic system and the hybrid system. Points in between

the two horizontal lines are not signi� cant.
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Figure 7.6: Di�erences betweenranks for environment 2: R14 | di�erences betweenthe non-sharing

system and the hybrid system. R24 | di�erences between the pessimistic system and the hybrid

system. R34 | di�erences betweenthe optimistic system and the hybrid system. Points in between

the two horizontal lines are not signi� cant.



7. compariso n against a hybrid system 177

Figure 7.7: Di�erences betweenranks for environment 3: R14 | di�erences betweenthe non-sharing

system and the hybrid system. R24 | di�erences between the pessimistic system and the hybrid

system. R34 | di�erences betweenthe optimistic system and the hybrid system. Points in between

the two horizontal lines are not signi� cant.
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Figure 7.8: Di � erencesbetween ranks for the hybrid system: R12 | di�erences between Environ-

ment 1 and Environment 2. R13 | di� erencesbetweenEnvironment 1 and Environment 3. R23 |

di�erences betweenEnvironment 2 and Environment 3. Points in between the two horizontal lines

are not signi�cant.
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Chapter 8

Conclusions

In this chapter, the contri bution made by this research to the �eld of multi-rob ot

systemswill be discussed.The known limitations of the multi-rob ot systemproposed

will be explored, and areasof future work to improve the systemwill be suggested.

The chapter will be concludedwith a list of the papers published from this research

to date.

8.1 Con tributions

With respect to the goalsset out in chapter 1, the following contributions have been

made:

1. A new type of multi-rob ot system,a hybrid of unaware at the global level, and

weakly co-ordinated at the local level, hasbeenintroduced.

2. A method of sharing information through fusing sensory information into a

potential �eld hasbeenshown to be an e�ectiv e method of communication and

co-ordination.

3. It has beenshown that it is not necessaryto have a priori information about

an environment in order perform a given task e�ectiv ely.

4. It has been shown that sharing information implicitly can be as e�ectiv e as

sharing information explicitly.



8. conclusions 180

5. The multi-rob ot systempresented in this thesishasbeenshown to be e�ectiv e,

in both simulated and laboratory environments.

8.2 Discussion of Con tributions

In this sectionthe contributions madein this thesiswill be discussedin detail.

8.2.1 A New Multi-rob ot System

The multi-rob ot system described in chapter 4, is not constrained to one category

of Farinelli et al.'s taxonomy (described in detail in section 2.4.2). The system is

unaware at the global level, yet weakly-co-ordinated at the local level.

The global level (elements of the system outside of an individual robot's local

group radius) is de�ned as unaware becauseat this level robots are not assigned

to local groups and, therefore, have no concept of team members. The local level

(elements of the system within an individual robot's local group radius) is de�ned

as weakly co-ordinated as, at this level, robots are assigned to local groups and so

co-ordinateimplicitly through the useof sharedpotential �elds. However, no explicit

co-ordination occursas robots do not have the abilit y to distinguish team members.

This two level architecture allows the systemto bene�t from team co-ordination,

but not be dependant upon it to make decisions.As such, the systemcan be said to

be fault tolerant wit h respect to the lossof robots or communications failure. If there

was a communications failure within the system, the robots would simply revert to

their unaware state of operation - making individual decisionsbasedupon individual

sensorreadings. If a robot within a local group has a motor failure, it will simply

becomea stationary sensordevicewhich becomespart of a local group if and when

other mobile robots mover near it. Shoulda robot sensorsmalfunction, this haslittle

e�ect on the actionsof other robots within its local group, asall robots are treated a

obstacleswithin thesystem(due to the robots inabilit y to distinguish teammembers).
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8.2.2 Shared Poten tial Fields

The potential �eld sharing method outlined in chapter 4 has been shown, through

experimentation, to be e�ectiv e.

The two systemsthat implemented potential �eld sharing as a communication

and co-ordination method signi�can tly outperformeda non-co-ordinatedsystem(see

chapter 5 and 6). This showedthat therewasan advantageto behad by co-ordinating

a group of robots whilst attempting the task set during hte experimentation. More

importantly the potential �eld sharing method also outperformed a system which

implemented co-ordination by broadcastingplan information (seechapter 7). This

showed that there was no advantage to giving information to the systemsa priori .

This abstraction of sensoryinformation into a potential �eld allows the design

and implementation of a relatively simple action selectionmethod. This is general

enoughto be deployed on a wide rangeof robots and over a wide rangeof tasks. As is

discussedin section8.4, it is proposedthat the systemcould be adaptedto numerous

multi-rob ot problem domains. Another bene�t of the systemdesignis low expense

in terms of both computation and communication. This allows the system to be

implemented on low cost hardware, making the event of a robot failure an indi�eren t

one,as the robot can be replacedwit h relatively little expense.

8.2.3 Reliance up on a priori Information

It hasbeenshown that a priori information haslittle impact on systemperformance

during the task carried out in experimentation. The potential �eld sharing method

signi�cantly outperformed a system which was given a map of the environment a

priori , and co-ordinated its e�orts to solve the problem basedupon this map (see

chapter 7).

In many tasks(especially thoserelated to the search task tackled in this thesisi.e.

Urban Search and Rescue(USAR)), completea priori information about the environ-

ment is likely to be infeasible. As such, designinga systemthat is not dependent on

such information is critical to performance.This is not to say that a systemcannot

bene�t from partial information of the environment, but such information should be
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treated asan uncertain additional sourceto any system. For example,a blueprint to

a building could have its uses during a search and rescueoperation | which areasof

the building aremore likely to have peoplein. However, the accuracyof the blueprint

should not be relied upon and should be constantly measuredagainst sensoryinput.

8.2.4 Implicit Comm unication

The potential �eld sharing method, introduced in chapter 4, did not at anytime

explicitly co-ordinateteam members i.e. team membersdid no transmit information

to other (speci�c) robots in order to co-ordinate actions to perform a given task.

Instead, co-ordination was an emergent property of combined potential �elds. The

robots within the system broadcast their individual potential �elds within a local

radius,any other robot within that local radiususedthat potential �eld in conjunction

with its own to make a decision. There was no concept of \team" at either end of

this process.The transmitting robot did not know which (if any) robot would receive

the information. The receiver of the messagedid not know wherethe messagecame

from.

This implicit method of co-ordination negatesthe needfor more complex explicit

co-ordination strategies, which inevitably result in the need for more complex and

therefore expensive robotic hardware. Implicit co-ordination also results in lessfre-

quent communications(no needfor negotiations)and hencelimits a substantial source

of failure (communications loss). If there is communications lossthe e�ectiv enessof

the systemis reduced,but it is still able to complete the task (as discussedin chap-

ter 4). The resultant relatively simple communications are also not a burden on the

communications bandwidth.

8.2.5 Exp erimen tation with Real Rob ots

During this thesisthe bene�ts of experimenting with real robots havebeenshown. By

developinga newmulti-rob ot systemwith aim of deploying that systemon real robots

(seechapters 4 and 6). It was possibledevelop a systemnot restricted by arti�cial

constraints, but limited by physicalconstraints. For example,the systemwasdesigned
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with the limitations and nuancesof sensorsin mind, rather than designingthe system

basedupon genericmodels of sensors.However, simulations do have their place in

developing robotic systemsi.e. fast prototyping. These simulations are useful for

gaining knowledgeon how a systemwill react in a speci�c environment with speci�c

conditions. The knowledge gained from these simulations can then be used as a

starting point for developing a systemto be deployed in real robotic systems,which

are designedto work in numerousenvironments under numerousconditions.

8.3 Limitations

The major limitation of the sharing systemsis their relianceupon accuratepositional

readings(provided by an overheadtr acking systemin the experiments presented in

this thesis). In the real world, the robots within the systemwould (most probably)

have to rely largely on their own internal readingsof position (e.g. odometry). Due

to limitations with the Miabots, it was not possible to experiment using only the

Miabots' odometry readings to supply position. However, if the reliabilit y of the

odometric readingswasimproved and techniquessuch asparticle �ltering wereincor-

porated into the system,this reliance upon the tracking systemcould be removed.

The centralised nature of the system is also a weaknessbecauseif the global

tracking system fails, then the whole system is reverted to the non-sharing multi-

robot systemand, as has beenshown in this thesis,the performanceof the system

would thereforebe heavily a�ected. If the computer facilitating the co-ordinationwas

to fail, this would be a catastrophic situation, as the whole systemwould fail due to

noneof the robots being controllable.

As shown in section4.2.4,the behaviour of the systemis in
uenced by the sequence

in which the robots compareforces,leadingto either what is termednormal behaviour

or to moreextremebehaviour. Currently, the sequencedependsupon the ID assigned

to each robot beforethe experiment begins. Hence,the behaviour of a robot at any

given time cannot be determined a priori . In an industrial application this would

needto beaddressed,most probably by introducinga check into the systemto remove

extremebehaviour.
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Currently the system makes no attempt to �lter out noisy input. Improving

the system to handle this sensornoise could improve the system's reliabilit y and

performance.A number of methods exist to reducethe e�ect of noise. Theseinclude

the useof probabilistic algorithms [87] and sensorfusion [66]. It is believed that once

sensornoiseis reduced,the performanceof the systemin the laboratory will be more

akin to the performanceof the systemunder simulation.

8.4 Future Work

Future work includesthe implementation of the experiments in larger environments

in order to better understand the e�ect of group size on system performance. As

mentioned in chapter 6, the sizeof the environment usedduring the experimentation

was limited due to the number of overheadcamerasavailable. The size of the en-

vironment can only be increasedif the number of camerasin the laboratory was to

be increased,henceincreasingthe total area of coverage. Alternativ ely, the size of

the environment could be improved by removing the system'srelianceon the global

tracking systemand by improving the reliabilit y of the Miabots' odometric readings,

and so removing the arti�cial restriction on size. Having a larger environment would

also allow the system to be extended to a very large scalerobotic (VLSR) system

(hundreds of robots) such as the one discussedin section 2.5.5. The results from

chapter 6 show that eight robots was the realistic limit for the current environment

size.

It would alsobe interesting to move the co-ordination servers/ clients from the re-

motecomputer(centralised system)onto the individual Miabots (distri buted system).

This would eliminate the potential singlepoint of failure (the remote computer). In

a truely distributed system, if any of the Miabots failed, the system would simply

continue. In fact, the systemwould not even take note, having no conceptof other

robots or team mates. The bene�ts of the Miabots tracking their own position within

the environment and broadcastingthis information to other Miabots within a local

grouparealsosimilar in nature. If a Miabot encounters a fault and stopstransmitting

its position, it would be removed from any local group and so would be treated as
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an obstacleby the other Miabots within the environment. The faulty Miabot itself

would revert to the non-sharingbehaviour.

As discussedin chapter 3, moving to a distributed systemcould feasibly reduce

the communication e�ciency of the system, due to the serial nature of Bluetooth.

However, if the hardware/communication protocol was changedto one that was not

serial in nature, e.g. RF broadcasts, this issue could be solved. The distributed

systemwould bring other issuesto bear, which are not encountered in the centralised

system. As the Miabots would be tracking their own position within the environment,

any errors that occurred would be accumulative and poor systemperformancecould

ensue. Communication would also not be guaranteed as in the centralised system

(guaranteed as long as the central computer does not fail). This would not stop

the system from working as discussedpreviously, but it would impact on system

performance.

It would alsobe interesting to investigatethe e�ect of the local group radius (both

increasingand decreasingits size). As mentioned in chapter 4, in simulation a local

group radius of 2m was usedand in the laboratory a radius of 75cm was set. These

distanceswere chosenarbitrarily . It would be of interest to seewhat, if any, impact

the local group radius would have on system performance. It is hypothesisedthat

over a certain range,the e�ect on performancewould be detrimental. As the further

away group membersare from oneanother, the lessrelevant their sensorinformation

becomesto one another. An exampleis shown in �gure 8.1, in which robots A and

C are in di�eren t parts of the environment, which di�er signi�cantly in terms of

object density (robot A's environment is cluttered, whereasrobot C's environment is

sparse). If they were to shareinformation, they would have a distorted view of the

environment and, hence,could make poor decisions.Conversely, the smaller the local

group radius, the morelikely it is that individual robots will revert to the non-sharing

mode of behaviour.

In the current system,only ultra-sonic data is shared through the potential �eld.

The architecture could be extended to allow the input of multiple sensors. In partic-

ular, blob-�nder data could be fusedwithin the potential �eld in order to encourage

robots to move towards areasthat possibly include targets (blob data above a valid
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Figure 8.1: Poor local group radius choice: The rangechosenis too large, resulting in robots having

a distorted view of the environment.

threshold). The blob-�nder could also be used to aid robot dispersal, as currently

other robots are treated asobstacles,rather than the specialcaseobstaclewhich they

are.

As described in chapter 4, the calculations used in the sharing systemsis just

a choice of the maximum force or the minimum force. It may be of interest to see

the e�ect that di�eren t methods of combining information could have on the system

performance.For example,using the meanof the valuesor assigninga belief value to

each robot (belief in sensorreadingsaccuracy) and performing a comparisonon that

value rather than that of the force value.

In chapter 4, Coulomb's law is simpli�ed to an inverse square law. It would

be interesting to seewhat e�ect implementing Coulomb's law fully would have on
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systemperformance. It would enablethe assignment of di�eren t t ypes of obstacles

to di�eren t unit values. For example, if other robots had a higher unit charge, the

repulsion rate would increase,helping the system dispersemore evenly throughout

the environment.

In the current system,only a search problem is attempted. It would be interesting

to extend the systemto implement a search and rescuetype problem; oncethe target

has been found it needsto be rescued (taken to a designatedposition within the

environment). This rescueoperation may require multiple robots to complete it.

That is, if the target's weight is greaterthan a singlerobots servo limitations, multiple

robots will be neededto \rescue" it.

Finally, it would be of interest to apply the proposedsystem to other common

multi-rob ot systemproblemssuch asformation control, thecoverageproblem,hunting

and robot football.

In order to attempt the formation control problem as de�ned in chapter 2, the

system would have to be adjusted so that robots that are a part of a group are

attracted/rep elled to/from, each other to allow them to form formations, as in the

work presented in section2.5.2.

The coverage problem (as de�ned in chapter 2) could be attempted with the

current system,with the target detection removed. Group member recognitionwould

have to be improved, as detailed above, in order to enablethe robots to spreadout

from one another to improve coverage. A method of halting the robots when they

are at an optimum position within the environment would alsobe needed.

Robot football has becomea popular test bed for multi-rob ot research over the

last decade. Indeed, the University of Nottingham sent a team of Miabots to the

FIRA 2005world championship [10]. In order to apply the system discussedin this

thesis to the problem of robot football, a number of alterations and improvements

would needto take place. In the MiroSot league(in which the University took part

in 2005),the environment consistsof a non-static target (the ball), moving obstacles

(opposition members and team mates) and static obstacles(pitch enclosingwalls).

If the ball is made the main attractor within the environment and the opposition

and team mates made to be repellers, team mates could also be attractors to help
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maintain formations, as per the formation control problem. As a global view of the

environment is available throughout a match, the de�nition of a local group could be

altered. Defenderscould be assignedto onegroup, forwards to another and the goal

keeper to its own group. This would allow team membersoutsideof the local groups

to be treated di�eren tly to those inside (as obstaclesin fact). See�gure 8.2 for an

example of local groups within robot football. If team members wished to change

roleswhilst in a match, this would simply involve leaving onelocal group and joining

another. Unlike in the search problem when this is basedupon distancefrom other

robots, the switch could be basedupon a \c oach" agent's decision(basedupon the

robot's current location in relation to the ball, team matesand opposit ion players).

Figure 8.2: Local groupswithin robot football: Local groupsare shown in dashedellipses. Our team

are the black squares,the opposition team are white squares.The ball is the black circle.

The hunting problem(asde�ned in chapter 2) could readily beattempted with the

current system,as the problem is just an extensionof the search problem (a moving

target). Again, this is reliant upon the improvement of object recognition.
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8.5 Thesis Overiew

In this thesis a new multi- robot system was introduced. The systemscommunica-

tion and co-ordination strategy wasbasedupon the conceptof sharingpotential �eld

information within dynamic local groups. Each member of the multi-rob ot system

createstheir own potential �eld basedupon individual sensorreadings. Teammem-

bers that are assignedto local groupssharetheir individual potential �elds in order

to create a combined potential �eld which reducesthe e�ect of sensornoise. This,

therefore,allows the team members to make better decisions.

A number of experiments both in simulation and in laboratory environments have

beenpresented. Theseexperiments comparedthe performanceof the systemagainst

a non-sharingcontrol and a hybrid system. It was shown that the proposedsystem

signi�cantly outperformedthe other methods in the search type problem.

Although the systemonly attempted onetype of problem during experimentation

(the search problem) it could also be applied to a number of other common multi-

robot problems. Some applications require little if any changesto the system, such

as hunting.

8.6 Dissemination

The following articles have been published as a result of the research presented in

this thesis.

8.6.1 Bo ok Chapter

� J.L. Baxter, E.K. Burke, J.M. Garibaldi & M. Norman, \Multi-Rob ot Search

and Rescue:A Potential Field BasedApproach" , in AutonomousRobots and

Agents, series: Studies in Computational Intelligence book series, Vol. 76,

Mukhopadhyay, Subhas;SenGupta, Gourab (Eds.), Springer-Verlag, pp 9-16,

2007. | Work presented in chapter 5.
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8.6.2 Refereed Conference Papers

� J.L. Baxter, E.K. Burke, J.M. Garibaldi & M. Norman, \Statistical Analysis

in MiroSot", In the proceedings of the FIRA World Congress2005, Singapore,

14th-16th December, CD-ONLY, 2005.

� J.L. Baxter, E.K. Burke, J.M. Garibaldi & M. Norman, \The E�ect of Poten-

tial Field Sharing in Multi -Agent Systems", In the proceedings of 3rd Interna-

tional Conference on AutonomousRobots and Agents(ICARA 2006), Palmer-

ston North, New Zealand,12th-14th December, pp 33-38,2006. | Work pre-

sented in chapter 5.

� J.L. Baxter, E.K. Burke, J.M. Garibaldi & M. Norman, \Real-world Evalua-

tion of a Novel Potential �eld sharingmethod", In the 5th International Confer-

ence on ComputationalIntel ligence, Robotics and AutonomousSystems(CIRAS

2008), Linz, Austria, 19th-21st June, pp 73-78,awaiting publication, 2008. |

Work presented in chapter 7.

8.6.3 Presen tations

The following talks have focusedon the work presented in this thesis.

� J.L. Baxter, \Statistical Analysis in MiroSot", In the proceedings of the FIRA

World Congress2005, Singapore, 14th-16th December, 2005.

� J.L. Baxter, \The E�ect of Potential Field Sharing in Multi-Agent Systems",

in Automated Scheduling Optimisation and Planning Research Group seminar,

University of Nottingham, Nottingham, 30th November, 2006.

� J.L. Baxter, \The E�ect of Potential Field Sharingin Multi-Agent Systems",In

the 3rd International Conference on AutonomousRobots and Agents (ICARA

2006), PalmerstonNorth, New Zealand,12th-14th December, 2006.

� J.L. Baxter, \The E�ect of Potenti al Field Sharing on Real Robots", in Auto-

mated Scheduling Optimisation and Planning Research Group seminar, Univer-

sity of Nottingham, Nottingham, 1st November, 2007.
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� J.L. Baxter, \Collab orative Decision Making in Uncertain Environments", in

KnowledgeTransfer Network Presentations,Smith Institute Alan Taylor Day,

St Catherine's College,Oxford, November 26th, 2007.

� J.L. Baxter, \Real-world Evaluation of a Novel Potential �eld sharingmethod",

In the5th International Conference on ComputationalIntel ligence, Robotics and

AutonomousSystems(CIRAS 2008), Linz, Austria, 19th-21stJune, 2008.
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Appendix A

Detailed Results

A.1 Simulation 1 Target

Table A.1: Non-sharing system results for environment 1, with 1 target.

2 3 4 5 6 7 8

1 300 300 300 300 300 300 300
2 300 300 300 300 300 295 300
3 300 300 126 300 300 300 259
4 300 300 146 245 198 300 104
5 300 73 300 300 68 300 300
6 300 300 300 300 120 300 300
7 300 300 300 300 300 300 300
8 300 300 300 233 300 300 300
9 300 146 30048 300 180 300
10 300 300 131 158 233 202 300
11 300 85 300 54 70 300 300
12 300 300 30043 300 300 300
13 300 300 300 300 300 156 300
14 300 133 165 300 300 300 300
15 300 300 300 300 300 300 300
16 300 300 300 300 145 300 300
17 300 300 300 30071 127 300
18 300 76 49 300 93 300 300
19 300 300 30064 49 300 300
20 300 300 30056 57 300 300
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Table A.2: Non-sharing system results for envi-

ronment 2, with 1 target.

2 3 4 5 6 7 8

1 300 63 20 78 18 7 24
2 46 300 21 17 21 21 82
3 300 300 30023 24 31 13
4 300 300 72 4 32 66 51
5 48 44 18 18 10 83 32
6 37 74 71 20 19 19 22
7 54 52 22 27 12 9 26
8 97 75 30021 63 18 33
9 73 70 71 24 20 10 19
10 300 300 73 26 81 368
11 51 160 24 94 33 628
12 300 64 25 71 18 62 25
13 54 65 52 22 23 88 23
14 53 50 68 21 18 10 31
15 300 87 13724 27 2035
16 56 55 5 20 15619 21
17 56 119 67 63 24 19 43
18 300 61 21 22 37 25 42
19 300 52 17 20 9 37 36
20 51 300 18 19 3 22 23

Table A.3: Non-sharing system results for envi-

ronment 3, with 1 target.

2 3 4 5 6 7 8

1 76 56 57 65 63 66300
2 53 53 58 86 99 58300
3 49 54 58 57 62 57 68
4 57 49 57 64 56 47 49
5 49 56 67 62 47 66 58
6 47 68 59 55 66116 49
7 52 48 57 86 66 66 91
8 53 49 59 64 47 57 45
9 49 54 64 30071 300 300
10 53 50 64 49 59 67104
11 49300 124 61 54 53 300
12 53 49 61 53 67300 57
13 49 56 59 68 96 66 48
14 48 55 58 53 61 83 91
15 48 49 53 53 65 59 82
16 50 54 64 44 53300 300
17 53 67 66 49 49 57 45
18 53300 124 86 68300 49
19 49 56 124 61 59 69 300
20 53300 59 55 46 67 52



a. det ailed res ul ts 205

Table A.4: Pessimistic system results for envi-

ronment 1, with 1 target.

2 3 4 5 6 7 8

1 155 65 141 46 101 75 100
2 300300 300 300 73 132 107
3 86 275 243 72 48 67 50
4 300300 70 74 48 79 85
5 300 87 90 108 44 55 300
6 300300 237 79 45 47 57
7 59 74 61 234 112 92 50
8 300300 137 300 300 30050
9 56 109 186 63 300 300 50
10 300 300 65 80 52 57 45
11 159 300 30044 51 51 98
12 152 300 30069 300 57 119
13 300 84 90 97 60300 300
14 58 300 300 30089 300 112
15 157 300 300 30047 57 88
16 300 83 68 60 67300 102
17 90 300 70 52 300 58 49
18 300 70 197 56 51 41 50
19 300 300 21544 300 69 300
20 95 75 81300 44 48 300

Table A.5: Pessimistic system results for envi-

ronment 2, with 1 target.

2 3 4 5 6 7 8

1 22 24 15 4 21 3 3
2 300 73 33 5 6 4 5
3 24 23 15 73 7 5 5
4 23 66 32 21 213 5
5 23 66 30 60 6 3 7
6 25 26 66 4 7 413
7 59 24 62 64 7 6 20
8 22 84 19 5 6 450
9 93 28 30 5 6 5 5
10 24 55 32300 7 4 17
11 23 31 28 21 8 7 3
12 300 25 32 21 6 4 4
13 23 76 17128 4 4 17
14 300 28 34 32 7 5 3
15 172 83 26 19 6 4 7
16 19 76 34 60 7 5 5
17 24 23 17 27 7 4 20
18 19 23 300 66 6 4 21
19 20 300 25 5 7 4 6
20 29 24 16 78 7 4 21
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Table A.6: Pessimistic system results for envi-

ronment 3, with 1 target.

2 3 4 5 6 7 8

1 70 77 78 58 83 58 300
2 70 80 79 74 57 60 73
3 62 65 58 48 64300 48
4 70 30056 66 71300 61
5 67 30056 71 86 72 39
6 60 77 73 55 58 55 46
7 73 76 63 86 56300 300
8 70 79 58 57 61 61 61
9 62 30054 74 66 59 72
10 70 76 77 66 56 57 39
11 82 75 56300 58 73 73
12 300 77 74 81 69 50 58
13 67 10281 67 55300 57
14 70 53 54 67 72 42300
15 300 30087 74 61 72 66
16 68 46 59 73 72 72 56
17 300 69 58 53 48 89 72
18 74 30079 63 60300 68
19 74 83 76 66 74300 74
20 300 30082 77 66 49 54

Table A.7: Optimistic systemresults for environ-

ment 1, with 1 target.

2 3 4 5 6 7 8

1 300 300 68 104 45 300 300
2 300 66 300 62 51 300 45
3 300 55 265 47 59 81 242
4 300 300 15479 51 70 47
5 300 300 75 77 79 47242
6 300 300 62 62 106 50 65
7 300 300 70 160 86 53 47
8 300 78 67 106 300 59 300
9 300 300 62 76 43 61 52
10 86 300 63 300 46 108 75
11 300 66 66 300 42 73 50
12 252 76 290 84 60 65 68
13 101 300 72 50 46 57300
14 197 300 67 47 65 300 50
15 300 300 66 72 300 49 119
16 300 129 56 66 79 300 119
17 114 70 300 49 300 47 50
18 300 66 300 258 89 55 49
19 300 70 300 105 42 79 50
20 300 300 30083 71 50 50
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Table A.8: Opti mistic systemresults for environ-

ment 2, with 1 target.

2 3 4 5 6 7 8

1 18 28 64 317 4 3
2 19718 21 18 7 4 21
3 98 24 31 8 62 4 18
4 30018 31 66 154 3
5 30018 24 6 8 4 5
6 28759 25 56 9 5 20
7 24 26 17 226 4 5
8 27224 67 47 5 4 13
9 16 35 69 625 4 5
10 30029 17 22 8 4 3
11 29 77 17 316 4 3
12 19 46 17 17 324 4
13 47 69 30 227 4 17
14 67 70 344 6 421
15 30078 24 5 4 4 3
16 59 21 163 4 4 5
17 17 83 23 20 195 3
18 18 24 16 503 4 13
19 45 68 33 168 5 5
20 22837 58 19 6 6 20

Table A.9: Optimistic systemresults for environ-

ment 3, with 1 target.

2 3 4 5 6 7 8

1 70 83 59 72 73114 72
2 70 118 57 73 60 96300
3 67 66 78 98 82 74 300
4 74 68 59 69 56114 77
5 70 300 57 126 59 300 48
6 300 300 68 75 63 300 57
7 300 44 61 300 103 72 51
8 63 67 113 66 60 53 56
9 69 300 78 68 78 45300
10 68 67 54 52 72 74 72
11 62 300 58 57 83 73 66
12 71 74 78 84 61 64300
13 81 80 79300 53 74 68
14 300 300 72 51 60 300 59
15 70 83 87 43 58 69 39
16 300 68 65 64 81 55 77
17 63 52 70 72 69 51 55
18 76 52 59 75 55 58 61
19 67 67 81300 50 72 68
20 68 81 76 68 57 74 73
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A.2 Simulation 2 Targets

Table A.10: Non-sharing systemresults for envi-

ronment 1, with 2 targets.

2 3 4 5 6 7 8

1 300300 300 47 63 300 52
2 300300 137 124 63 169 300
3 300 96 300 300 300 30063
4 300300 300 300 199 30063
5 300 96 300 300 60 300 300
6 300 57 300 300 213 30062
7 300300 300 119 30073 197
8 300 57 300 163 300 300 300
9 300 61 300 300 12050 300
10 300 95 300 300 194300 300
11 300 300 300 30060 300 60
12 300 300 300 300 300 16952
13 300 96 300 239 57 300 51
14 300 300 149 110 192 16962
15 300 300 300 119 300 169 300
16 300 300 300 300 223 300 300
17 300 57 300 300 300300 57
18 300 300 300 300 120 30095
19 300 57 300 300 120300 300
20 300 228 294 300 300 30052

Table A.11: Non-sharing systemresults for envi-

ronment 2, with 2 targets.

2 3 4 5 6 7 8

1 300 79 22 18 23300 23
2 62 161 21 73 23 19 19
3 61 161 22 30023 22 25
4 300 161 30038 70 22 23
5 72 161 67 19 23 20 21
6 62 161 300 64 21 21 102
7 300 68 300 30023 23 23
8 62 161 21 21 19 23 19
9 61 161 28 24 23 33 21
10 20 68 19 73 64 22 26
11 61 161 24 73 23 20 25
12 62 68 18 25 19 20 22
13 69 76 300 19 22 32 26
14 118 161 80 73 19 32 19
15 67 161 20 73 19 22 24
16 67 68 2211219 23 25
17 61 68 2111219 21 25
18 300 68 22 20 2222 21
19 300 68 67 20 2422 21
20 61 300 26 20 19 22 23
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Table A.12: Non-sharing systemresults for envi-

ronment 3, with 2 targets.

2 3 4 5 6 7 8

1 300 47 60 61 300 300 300
2 300300 72 82 300 72 59
3 300 45 60 86 300 79 99
4 300 46 60 66 66300 300
5 300300 300 82 66 300 300
6 300300 300 73 140 72 65
7 300300 60 66 140 66 99
8 300300 300 82 140 72 57
9 45 300 109 73 59 300 57
10 45 47 86300 59 79 99
11 45 45 300 70 140 300 65
12 300 300 67 86 300 86 99
13 300 300 65 64 300 300 36
14 300 300 59 158 67 64 65
15 45 300 300 59 140 300 68
16 300 48 300 81 300 79 56
17 300 48 109 75 96 300 51
18 300 45 59 300 53 300 45
19 300 47 300 147 140300 51
20 300 45 300 81 300 300 99

Table A.13: Pessimistic system results for envi-

ronment 1, with 2 targets.

2 3 4 5 6 7 8

1 52 300 109 60 96 300 83
2 228 300 30048 84 300 73
3 62 71 56 300 72 71 83
4 300 300 55 300 46 300 70
5 300 71 94 300 70 300 66
6 96 65 56 72147 48 61
7 300 300 56 156 127 22165
8 62 52 56 115 300300 109
9 300 52 73 58 46111 62
10 300 300 67 48 54 48 54
11 300 300 300 156 30061 300
12 300 300 300 300 300 22163
13 300 300 56 300 57 48 80
14 57 71 49115 57 300 300
15 96 109 70 115 257 46 51
16 57 55 57 48300 65 68
17 90 300 72 55 46 79300
18 96 300 111 55 48 111 70
19 93 52 100 45 72 70 69
20 300 71 58 55 46300 53
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Table A.14: Pessimistic system results for envi-

ronment 2, with 2 targets.

2 3 4 5 6 7 8

1 15 35 16 33 20 17 24
2 14 59 24 19 19 23 30
3 300 53 16 12920 19 17
4 79 108 16 29 30 16 29
5 27 68 26 60 69 78 22
6 23 108 16 53 69 19 17
7 15 100 18 24 24 22 17
8 69 54 59 61 17 20 28
9 15 17 27 21 18 19 72
10 300 62 21 22 66 32 19
11 58 67 1412919 19 27
12 15 19 300 17 66 17 31
13 19 19 4930028 24 23
14 15 19 300 65 20 23 15
15 20 29 16 65 52 21 25
16 47 28 16 61 60 66 19
17 43 28 47 17 23 21 25
18 15 62 59 16 19 60 25
19 300 19 20 32 59 24 17
20 15 15 16 92 55 20 25

Table A.15: Pessimistic system results for envi-

ronment 3, with 2 targets.

2 3 4 5 6 7 8

1 300 121 10148 300 62 300
2 87 74 81 109 66 300 75
3 96 101 73 94 300 51 106
4 106 91 115 300 11941 48
5 109 84 144 50 82 51 71
6 98 93 300 102 82 69 54
7 98 95 87 73 82 68 70
8 71 84 300 50 52 51 106
9 98 94 73 50101 54 37
10 104 104 69 119 96 300 60
11 84 60 300300 82 73 107
12 106 118 67 64 62 73 52
13 99 94 144 50 73 72 157
14 105 108 30073 46 300 54
15 95 64 60 98102 63 47
16 103 101 14494 76 128 107
17 94 92 73106 60 87 41
18 85 114 106 10346 70 66
19 85 89 68106 72 78 38
20 300 108 108 30076 80 70



a. det ailed res ul ts 211

Table A.16: Optimistic system results for envi-

ronment 1, with 2 targets.

2 3 4 5 6 7 8

1 300122 72 79 84 85128
2 300 51 300 39 96 300 54
3 96 63 107 132 46 45 109
4 300300 60 39 41 90 71
5 96 300 300 54 46 300 300
6 57 71 300 58 46 87 300
7 300109 96 72 46 90 73
8 57 58 300 48 300 300 71
9 61 300 57 48 55 90300
10 95 300 300 60 300 45 71
11 300 82 74 67 60 92 60
12 300 52 56 54 72 59 51
13 96 300 189 300 11282 300
14 300 109 30048 76 300 300
15 300 300 56 72 57 49 46
16 300 52 101 300 70 300 49
17 57 300 56 156 44 300 66
18 300 300 72 128 54 70 49
19 57 300 118 30048 44 83
20 228 300 75 300 46 49 300

Table A.17: Optimistic system results for envi-

ronment 2, with 2 targets.

2 3 4 5 6 7 8

1 23 49 47 26 18 68 41
2 51 53 16 42300 19 27
3 20 45 79 70 21 18 26
4 27 45 52 22 15 18 300
5 16 53 52 24 62300 30
6 108 300 27 15 19 28 45
7 49 17 59 64 21 36 23
8 116 20 16 20 18 19 36
9 15 16 49 20 16 20 19
10 300 75 49 101 22 17 45
11 16 75 58 20 42 20 29
12 14 19 16 69 65 15 19
13 300 68 16 18 62 43 22
14 44 43 67 15 18 21 19
15 20 100 16 16 18 18 23
16 14 100 64 16 18 25 18
17 15 140 24 22 42 23 18
18 19 19 16300 18 18 23
19 300 35 24 18 22 18 23
20 63 100 300 15 27 23 25



a. det ailed res ul ts 212

Table A.18: Optimistic system results for envi-

ronment 3, with 2 targets.

2 3 4 5 6 7 8

1 96 113 300 30098 107 52
2 104300 104 95 57 80 70
3 300 63 60 66 61 54 54
4 68 105 122 60 300 72 45
5 109101 116 300 30074 92
6 300300 89 300 60 66 112
7 106101 144 103 30044 45
8 300 58 300 56 70 52 50
9 104101 300 66 60 102 40
10 110 69 300 74 52 60 52
11 106 63 73 97 300 75 40
12 106 108 30067 77 52 40
13 108 102 300 10569 74 92
14 106 86 72 60 105 55 70
15 64 85 111 121 11959 52
16 62 94 300 73 78 236 300
17 68 85 69 68 76 60107
18 85 112 69 66 70 55 50
19 106 69 73 104 60 72 104
20 300 85 69 54 60 76 41
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A.3 Lab oratory 1 Target

Table A.19: Non-sharing systemresults for envi-

ronment 1 (cluttered).

2 3 4 5 6 7 8

1 188105 149 300 300 216 230
2 300300 189 145 300 290 167
3 300300 202 300 247 148 300
4 300126 158 162 300 142 195
5 262300 197 300 186 15289
6 300300 203 300 300 30098
7 300 60 92 249 94 233 145
8 187300 233 292 300 218 104
9 300173 205 300 96 103 117
10 300 208 30075 168300 296
11 300 106 92 300 121166 141
12 300 202 218 160 300 300 225
13 124 149 132 129 102 253 278
14 300 202 300 269 217 300 238
15 300 300 219 300 148 30097
16 117 300 30056 91 300 106
17 300 253 237 213 300 300 168
18 300 300 300 300 216 101 108
19 300 127 300 276 300 300 157
20 242 300 300 230 300 300 189

Table A.20: Non-sharing systemresults for envi-

ronment 2 (normal).

2 3 4 5 6 7 8

1 74 131 300 197 300 278 300
2 300 300 293 300 179 172 300
3 300 22 85 300 91 300 265
4 214 300 122 250 10593 140
5 82 42 300 300 76 90 107
6 300 138 133 209 300 300 300
7 89 129 176 30070 73 48
8 58 137 57 139 159 74 224
9 115 300 300 258 11096 233
10 300 180 59 175 95 100 56
11 74 123 191 207 300177 128
12 300 131 300 218 300 30062
13 300 89 63 91 300 110 101
14 300 300 300 212 266 300 173
15 82 300 53 266 258 300 125
16 300 76 133 300 10085 108
17 300 90 84 137 100 287 105
18 300 300 99 72 145 142 300
19 300 300 108 300 119 113 205
20 300 300 45 156 245300 68
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Table A.21: Non-sharing systemresults for envi-

ronment 3 (sparse).

2 3 4 5 6 7 8

1 300 62 300 232 13648 159
2 154 48 300 300 63 75 26
3 300102 300 130 127 19169
4 300 35 109 300 180 11296
5 218 75 20 61 34 82 51
6 21 263 104 88 300 57 194
7 67 300 76 84 300 52 43
8 300300 300 53 44 55 54
9 18 300 300 15357 170 102
10 300 300 150 27077 110 155
11 117 298 20 25 36 43 300
12 184 68 138 300 60 52 29
13 300 38 55 79 139 32 98
14 57 156 45 90 25 44 69
15 92 300 72 300 49 52 161
16 300 161 259 16027 300 216
17 300 300 71 102 206 69 44
18 159 37 108 42 119 58 55
19 246 43 46 250 30 33 62
20 54 45 105 78 226 63 59

Table A.22: Pessimistic system results for envi-

ronment 1 (cluttered).

2 3 4 5 6 7 8

1 300 93 300 229 104 300 185
2 300 300 14772 85 195 79
3 300 177 139 182 300 236 106
4 300 300 255 220 300 19881
5 300 300 176 160 136 300 116
6 300 296 167 151 300 300 238
7 300 300 94 133 300 167 110
8 300 300 95 195 94 211 233
9 300 264 17370 216 151 300
10 256 300 112 221 192 254 300
11 130 95 126 300 179300 89
12 131 137 13171 212300 96
13 300 201 251 145 20482 266
14 288 86 193 300 284198 115
15 300 246 300 159 159 113 300
16 300 106 173 104 159 123 103
17 169 176 167 288 15780 83
18 300 300 160 23782 300 183
19 300 300 23699 106254 150
20 300 300 162 156 176 195 211
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Table A.23: Pessimistic system results for envi-

ronment 2 (normal).

2 3 4 5 6 7 8

1 74 96 106 126 74 230 131
2 78 68 140 95 74 184 104
3 293300 300 84 150 177 94
4 300 71 300 81 127 151 256
5 300 80 144 97 81 241 300
6 300 67 144 123 184 300 300
7 54 162 240 198 290 30080
8 95 114 84 31 255 174 62
9 68 95 143 88 212 90 98
10 226 105 73 111 117253 300
11 133 139 205 16865 122 188
12 300 164 86 60 84 300 187
13 300 216 87 121 117130 82
14 59 300 64 300 300 30093
15 103 156 69 77 271 71 137
16 119 113 18067 144 94 104
17 191 277 10979 204 52 101
18 127 300 18090 173300 43
19 300 167 55 190 300125 113
20 230 245 94 122 65 185 300

Table A.24: Pessimistic system results for envi-

ronment 3 (sparse).

2 3 4 5 6 7 8

1 300 30 30 41 111 26 35
2 40 107 18 44 72 29 59
3 300 300 18154 300 63 91
4 300 192 28 300 188 69 35
5 300 50 135 267 19881 75
6 300 300 30049 63 28 97
7 300 75 300 120 70 143 29
8 46 300 42 194 289 147 106
9 300 300 30045 252 98 81
10 300 30 99 160 40 256 162
11 47 71 153234 72 89 28
12 54 300 300 37 86 125 70
13 29 184 186 16423 248 138
14 300 86 97 46 42 73 55
15 300 132 16027 79 57 300
16 290 216 300 30095 173 20
17 140 97 220 300 34 156 124
18 300 300 212 11147 21 184
19 242 300 73 86 39 49294
20 148 178 300 29842 112 19
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Table A.25: Optimistic system results for envi-

ronment 1 (cluttered).

2 3 4 5 6 7 8

1 300300 300 217 182 13472
2 300300 214 88 300 222 192
3 300300 243 88 192 90 94
4 300300 217 220 87 208 300
5 290206 300 181 300 228 270
6 211158 241 100 164 300 167
7 300300 144 250 136 30082
8 300300 300 198 190 273 292
9 300150 300 300 214 133 204
10 219 300 115 283 27294 112
11 300 110 300 210 273 30099
12 300 300 220 242 159 300 223
13 300 247 182 157 168 300 178
14 300 300 208 237 158 300 120
15 300 300 103 300 102 111 189
16 300 236 300 148 160 17482
17 300 300 243 118 300 180 149
18 300 149 96 294 226300 182
19 300 207 230 145 139 30077
20 300 100 179 165 173 259 300

Table A.26: Optimistic system results for envi-

ronment 2 (normal).

2 3 4 5 6 7 8

1 300 171 50 99 181 76 119
2 300 31 63 36 213300 133
3 246 203 227 300 300 240 235
4 54 300 59 300 192 13963
5 300 274 96 59 196 83 300
6 300 167 85 300 117 30085
7 300 295 32 281 81 99 300
8 300 163 266 300 30095 300
9 300 300 89 143 300 80 127
10 300 300 42 300 40 110 209
11 89 168 218 238 122106 196
12 49 46 264154 80 216 84
13 300 174 300 300 110 300 160
14 52 300 94 77 300 187 89
15 88 163 300 11576 228 168
16 55 291 32 217 300 300 92
17 300 300 300 14376 196 300
18 300 300 59 109 68 250 197
19 91 166 46 112 86 150 300
20 300 129 67 95 210 300 106
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Table A.27: Optimistic system results for envi-

ronment 3 (sparse).

2 3 4 5 6 7 8

1 62 300 300 44 59 131 88
2 300300 158 57 74 86 125
3 94 278 163 41 75 32 41
4 300300 84 79 189 84 52
5 300 27 114 65 56 43 300
6 239 48 32 51 133 23 111
7 300 60 123 67 29 235 94
8 139115 20 32 36151 60
9 190 69 194 116 69 89 31
10 300 109 22 33 46 16 77
11 99 163 179 55 16 225 18
12 300 46 54 41 57 58 61
13 19 300 44 226 27 96 81
14 300 138 256 18424 246 43
15 300 246 48 74 66 35 49
16 42 116 62 95 34 124 28
17 267 16 300 65 77 300 300
18 216 300 65 157 92 92 84
19 72 300 86 163 73 222 81
20 300 30 36 300 68 106 300
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A.4 Hybrid System 1 Target

Table A.28: Hybrid system results for environ-

ment 1 (cluttered).

2 3 4 5 6 7 8

1 300300 300 300 193 236 219
2 300300 181 300 190 300 300
3 300154 300 240 95 300 129
4 300300 246 300 300 286 140
5 295300 207 300 158 164 170
6 300271 95 217 156 156 131
7 99 300 111 220 182 181 300
8 113300 300 131 187 234 300
9 300300 170 144 300 203 300
10 300 300 300 118 300 300 300
11 208 300 300 300 133 154 226
12 300 300 235 300 300 300 184
13 300 169 300 300 225 300 291
14 300 300 300 300 137 300 300
15 219 300 300 300 286 300 129
16 158 130 300 300 105 300 300
17 300 158 300 298 300 202 157
18 300 300 300 115 208 300 170
19 300 275 122 297 138 152 300
20 300 300 300 300 300 263 300

Table A.29: Hybrid system results for environ-

ment 2 (normal).

2 3 4 5 6 7 8

1 300 147 150 300 117 30059
2 275 271 161 300 30090 266
3 300 300 300 300 135 300 127
4 110 300 100 17596 56 204
5 289 300 122 200 242 300 235
6 129 118 104 138 18777 132
7 148 300 111 137 300 129 153
8 117 110 15783 178 179 83
9 300 300 26295 254 75 130
10 300 300 300 141 300 143 300
11 167 300 229 300 14480 300
12 126 94 140 248 300163 204
13 88 128 120 188 269300 103
14 300 70 110 140 300104 120
15 300 69 121 244 167110 300
16 174 300 195 300 136 117 102
17 300 300 95 183 125 93 148
18 192 300 300 300 240 13955
19 117 300 100 114 300 12393
20 183 300 201 125 300 222 113
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Table A.30: Hybrid system results for environ-

ment 3 (sparse).

2 3 4 5 6 7 8

1 51 61 82 222 300 90 86
2 300 76 126 300 18492 125
3 300215 300 300 121 12065
4 188 87 116 98 67 54 95
5 300 89 77 300 58 52 66
6 78 300 205 138 179 11272
7 86 139 120 43 100 91 195
8 57 98 176 208 41 157 133
9 65 98 56 300 215 30067
10 120 94 75 125 75 88 161
11 300 260 101 300 13366 233
12 72 91 93300 140 79 206
13 103 300 15377 99 104 113
14 43 111 140 54 113 89 77
15 64 143 123 83 300 120 165
16 300 102 87 136 66 118 127
17 94 157 104 25355 203 71
18 68 81 94 79 87 85124
19 300 300 43 128 117122 87
20 244 47 300 92 80 172 89


