R O B O T C L E A N I N G : A N A P P L I C A T I O N O F D I S T R I B U T E D P L A N N I N G

A N D R E A L - T I M E V I S I O N

David Jung, Gordon Cheng and Alexander Zelinsky

Robotic Systems Laboratory,

Department of Systems Engineering

Research School of Information Sciences and Engineering,

The Australian National University,

Canberra, ACT 0200, Australia http://wwwsyseng.anu.edu.au/rsl/

Abstract

This paper describes the designand implementationofa behaviour-based architecture inthe context ofmulti-robot cooperative cleaning. The architecture uses a distributed actionselectionmechanismthat unifies planningofspatial and topological paths, cooperative interactions and reactive behaviours. The systemis implemented usinga number ofsensingtechnologies including real -timevision.

1. I

NTRODUCTION

Research into multi-robot systems is driven by the assumption that multiple agents have the possibility to solve problems more efficiently than a single agent does.

Agents must therefore cooperate in some way. There are many tasks for which a single complex robot could be engineered;however,in many cases there are advantages to using multiple robots. A multi-robot system can be more robust because the failure of a single robot may only cause partial degradation of task performance. In addition, the robots can be less complex since each is only responsible for partial fulfilment of the task. Our philosophy is to design heterogeneous multi-robot systems where appropriate.

The aim of the research is to investigate cooperation by implementing a cooperative multi-robot cleaning task.

One result was the development of an architecture for distributed planning within the behaviour-based framework. This paper describes the architecture, but first a description of the task and the implementation of the required sensing technologies.

Figure 1 - Yamabico´s Flo and Joh

The taskis for our two autonomous mobile robots to

cleanthe floor ofour laboratory. The Ỳamabico´robots

[Yuta 91] shownin Figure 1 are heterogeneous inthe sense

that each has different tools and sensors suchthat neither

canaccomplishthetaskalone.

Oneoftherobots, `Joh´ ,hasavacuumcleaner that can

be turned onand offvia software. Johś taskis to vacuum

piles oflitter fromthe laboratoryfloor. It cannot vacuum

close to walls or furniture. It has the capabilityto s̀ee´

piles oflitter usinga CCD camera and a video transmitter

that sends video to the Fujitsu MEP tracking vision system .

The visionsystemis capable oflandmark-based navigation

and canoperate safelyindynamic environments at speeds

up to 600mm/sec [Cheng 96] . The visionsystemuses

template correlation, and canmatchabout 100 templates at

frame rate. The visionsystemcancommunicate withthe

robot,viaaUNIXhost,overradio modems(see Figure 2 ).

The other robot `Flo´ , has a brushtool that is dragged

over the floor to sweep distributed litter into larger piles for

Johto pick up. It navigates around the perimeter ofthe

laboratorywhere Johcannot vacuumand deposits the litter

onopenfloorspace.

Figure 2 - Joh´s System Configuration

The taskis to be performed ina real laboratory

environment. Our laboratoryis cluttered and the robots

have to contend withfurniture, other robots, people, openingdoors, changinglightingconditions, equipment

withdanglingcablesand otherhazards.

2. S IMPLE B EHAVIOUR

One particular experiment involves visual observation

ofFlo byJoh, and communicationbetweenthem.

Specifically, Flo announces to Johwhenit initiates the litter

dumpingprocedure, and thencommunicates the relative

positionofthe dumped pile oflitter uponcompletion. Joh

canobserve Flo, and ifJohcansee Flo whenthe

announcement is made, thenJohcancalculate the

approximate positionofthe litter relative to itself. Johthen

navigates to the locationand visuallylooks for and servoś

onthe litter inorder to vacuumit. This experiment requires

a number ofsimple behaviours and visual sensing

capabilities,whichwillnowbedescribed.

2.1 Whisker based w all f ollow ing

Inorder to sweep litter close to the walls, Flo needs a

close wall followingbehaviour. We investigated a number

ofsensor technologies for this purpose, but finallywe had

to develop unique proportional whiskers [Jung 96a] . Flo

has two whiskers mounted onits left side for wall following

and two whiskers infront for collisiondetection. The

whiskers are also used for navigation(see Figure 1 ). The

whiskers are contact sensors that give direct information

about the distance betweenthe robot and the wall being

followed. The informationfromtwo whiskers is fused with

odometryinformation usinga Kalmanfilter to obtainan

estimate ofthe robotś positionand orientationrelative to

the wall. This is thenfed into a standard Proportional

IntegralDifferential(PID)controllerto trackalongthe wall.

The behaviour architecture used to navigate the robot (see

[Jung 97] ) also uses the whiskers to detect landmarks, such

asdoors,corners,walls,polesetc.

2.2 Visual behaviour

Johalso needs to navigate reliablyaround the

laboratorywithout collidingwithobstacles, people or Flo,

and it has the advantage ofvision. Anumber ofvisual

behaviourswererequired.

Free-space segmentation

We have implemented a visual free floor space

detector usingthe real-time template matchingcapabilityof

the Fujitsu visionsystemto segment the image into c̀arpet´

and ǹon-carpetáreas.

The visionsystemdelivers a correlation value for each

template matched -the lower the value the better the match.

Aset oftemplates ofthe carpet inour laboratoryis stored

for matching. In Figure 4 a, the smaller white squares

indicate a better match. All values belowa threshold

signifyfree-space.

Figure 3 - Before and after normalisation and thresholding

The CCD camera lens distorts the images and this

effect canbe seeninthe correlation values, and must be

compensated forusinganormalisationprocedure.

The first graphin Figure 3 shows the rawcorrelation

values while lookingat bare carpet. The normalisation

consists ofapplyingweights to these values that have been

calculated byfittinga polynomial to the lens distortion

duringcalibration, and thenthresholding. The procedure

also normalises for the average brightness ofthe image.

The result canbe seeninthe graphonthe right ofthe

figure.

Figure 4 - (a) Obstacle avoidance (b) Interest operator

Although usingtemplate matchingto matcha texture

suchas carpet works poorlyonsingle matches, at

frame -rate and withrobot motion, the stochastic behaviour

isrobust.

Once Joh has navigated to the approximate locationof

a pile oflitter left byFlo, it has a vacuumbehaviour that

must visuallylocate the pile and servo onit inorder to

vacuumoverit.

Interest Operator

Joh needs to identifypiles oflitter onthe laboratory

floor inorder to visuallyservo onthemand vacuumover

them. The vacuumis mounted under the robot so it must

drive over the pile, whichtakes it out ofview. Because a

pile oflitter doesnt́ have a definite shape, matchingagainst

a template is unlikelyto locate it inthe image. Hence we

developed a simple ìnterest operator´canlocates isolated

objects inthe scene, withapproximatelythe correct

colouring. The interest operationprimarilyapplies a zero-

crossingconvolutionto the correlation values. The effect

fromtheimagein Figure 4 b canbeseeninthegraph below .

Figure 5 - Correlation values from ’interest operator’

Inorder to servo onthe litter, a transformationfrom

image coordinates to floor coordinates is performed and the

PID controller directed to drive inthe appropriate direction.

Johis also fitted witha bump sensor, whichwill trigger in

the event that the behaviour erroneouslyservos onan

obstacleonthefloor,forexampleabook.

Visual Servoing

Joh has a behaviour that can visuallydetect and track

Floś motion. This behaviour servos onFlo to keep it

visible and hence calculate the motionrelative to Johś

coordinates. This informationis used to deduce the

approximate locationofthe dumped litter for the vacuum

behaviour. There are two components to this behaviour:

trackingFloś image for visual servoing, and determining

the3Dpositionand pose.

Flo has beenmarked witha unique rectangular pattern

fortracking,asshownin Figure 6 a below .

Figure 6 - (a) Flo from Joh’s camera (b) Cleaning

Tentemplates fromthe corners and sides ofthe

rectangle are tracked. Due to changes inlighting,

orientationand size, the templates would easilybe lost. So

a networkofKalmanfilters is used, one per template, to

estimate the positionofeachfromthe visionsystem

matchinginformationand the positionofthe other nine

templates [Heinzmann 97] . This results intrackingthat is

veryrobustto changesinscaleand orientation.

Johneedsto knowtherelativelocationand pose ofFlo

inorder to arrange a r̀endezvous´. The positionand pose

ofFlo are computed usinga projective transformation

betweenthe plane ofthe rectangular patternmarkingonJoh

and a model rectangular patternmarkingina known

arbitraryplane. Four ofthe tentemplates tracked onthe

patternare sufficient to compute the projective

transformation.

3. D ISTRIBUTED P LANNING

One ofthe more sophisticated experiments requires

bothrobots be capable ofrobust navigationaround the

department floor suchthat theycanarrange rendezvous at

particular locations. This implies that the simple

behaviours must be combined ina waythat allows boththe

executionofthe cleaningtaskand navigation via aninternal

map.Themap should belearnt.

So we are faced withthe classic actionselection

problem. We needed to designa planningmechanismthat

is distributed, grounded inthe environment (situated), and

employs a uniformactionselectionmechanismover all

behaviour components. Because the designwas undertaken

inthe context ofcooperative cleaning, we also required the

mechanismto be capable ofplanningcooperative

behaviour.

After examiningthe advantages ofa number of

existingschemes, we have developed our Architecture for

Behaviour Based Agents . ABBAborrows, adapts and

integrates manymechanisms fromother architectures. In

particular it utilises a spreadingactivationmechanism

similar to that proposed by Maes [Maes 90a] . We added integrated learningand adapted it to fit withthe

behaviour -based philosophy. It is important to note that the

architecture does not comprise ofanexistingscheme

retro -fitted with new features but is a homogeneous one that

onlyborrows the ideas fromother architectures. The

remainder ofthis sectiondiscusses the ABBAarchitecture.

Manydetailsareomitted forbrevity.

3.1 Components and Interconnections

The behaviour ofa systemis expressed as a network

that consists oftwo types ofnodes inABBA˘

Competence Modules and Feature Detectors . Competence

modules (CMs) are the smallest units ofbehaviour

selectable, and feature detectors (FDs) deliver information

abouttheexternalorinternalenvironment.

The graphical notationis shown below where

rectangles represent competence modules and rounded

rectangles represent feature detectors. Althoughthere can

be muchexchange ofinformationbetweenCMs and FDs

the interconnections showinthis notationonlyrepresent the

logicalorganisationofthe networkfor the purpose ofaction

selection,and henceplanning.

FD

FD CM s:.98

p:.82 s:.82 c:.87

CM p:.98 CM

FD

Key:

(sucessor, predecessor or conflictor)

+ve Correlation

-ve Correlation

Activation Link

Precondition

.82

.98

-.87

Figure 7 - ABBANetwork components and interconnections

EachCM has anassociated Activation and the CM

selected for execution has the highest activationfromall

Ready CMs whose activations are over the current global

threshold. ACM is Ready ifall ofits preconditions are

satisfied. The activations are continuouslyupdated bya

spreading activation algorithm . EachFD provides a single

Condition that is continuouslyupdated fromthe

environment.

It is important to note that althoughABBAseems to

make anarbitraryCartesianstyle divisionbetweensensing

and acting(FDs and CMs), that this is not necessarilyso.

Feature detectors candeliver conditions based inthe

internal state ofCMs as well as conditions based on

sensors. This is analogous to sayingthat CMs canoperate

byeffectingFDsaswellasactuators.

Care should be takento ensure feature detectors are

writtento deliver informationfromsensors as directlyas

possible, rather thanfromanyinternal representationofan

anthropomorphiccategory.

The networkdesigner needs to be mindful that the

dynamics ofa multi-robot/environment systemhas no a

priori boundaries. The boundaries canbe redrawnas

appropriate for thinkingabout the systemdynamics to

include arbitraryportions ofrobot and environment

behaviour. Asingle networkmaydescribe part ofa robot-

environment interaction, or possiblya whole multi-robot-

environmentsystem.

The systembehaviour is designed bycreatingCMs

and FDs and connectingthemwith precondition links .

These are showninthe diagram above as solid lines froma

FD to a CM endingwitha white square. It is possible to

have negative preconditions, whichmust be false before the

CM canbe Ready . The designer mayalso initialise some

correlation links to bootstrap learning. The correlation

betweena FD and a CM, whichcantake values [-1�1] , is

updated atruntimeasfollows.

Eachtime the CM becomes active, the value ofthe

FDś conditionis recorded. Whenthe CM is subsequently

deactivated, the current value ofthe conditionis compared

withthe recorded value. It is classified as one of : Became

True , BecameFalse , Remained True or Remained False . A

count ofthese cases is maintained (B

t

, B

f

, R

t

, R

f

) . The

correlationisthen:

corr

B R

N

B R

N t t f f =

+

-

+ ( ) ( ) 2

2

2

2

Wherethetotalsamples N B B R R

t f t f

= + + +

At each update the counts are decayed bymultiplying

with N /( N +1) so that recent samples have a greater effect

than historic ones. This keeps the networkplastic. The

diagramshows the correlation values onthe dashed lines -

the correlation links .

Together these two types oflinks, the precondition

links and the correlationlinks, completelydetermine how

activationspreads thought the network. The other

activation links that are shownin Figure 7 are determined

bythese two and exist to better describe and understand the

networkand the activationspreadingpatterns. The

activationlinks will feature inthe descriptionofthe

spreading activation algorithm inthefollowingsection,and

aredetermined asfollows.

· There exists a successor link fromCM p to CM s

for everyFD conditionin s ’s preconditions list

thatispositivelycorrelated withtheactivityof p .

· There exists a predecessor link inthe opposite

directionofeverysuccessorlink.

· There exists a conflictor link fromCM x to CM y

for everyFD conditionin y ’s preconditions list

thatisnegativelycorrelated withtheactivityof x .

The successor, predecessor and conflictor links

resultingfromthe preconditions and correlations are shown

in Figure 7 .

Insummary, a CM s has a predecessor p , if p is likely

to make one of s ś preconditions true. ACM x has a

conflictor y , if y is likelyto make one of x ś preconditions

false.

3.2 The Spreading of Activation

The scheme for spreadingthe activationfollows the

algorithmproposed by Maes. The systemproceeds in

discrete time-steps. At eachstep some activationis injected

into the system, removed fromthe system, and

re -distributed withinthe systemaccordingto the ru les

below. There are a number ofglobal parameters used to

tunethedynamicsofthesystem:

p - T he mean level of activation

q - T hreshold for becoming active (CM becomes

active, if readyand A > q )

g - Activation injected bya goal to be achieved d - Act ivation removed fromconflictors to goals that

need to remain achieved

f - Activation injected bya feature detector whose

condition is true (C > T )

T - T he confidence threshold. A condition with

confidence c > T is considered true.

R - T he correlation th reshold. A correlation

coefficient c > R is considered positively

correlated.

(and c < -R is considered negativelycorrelated)

The first three rules determine howthe networkis

activated and inhibited fromexternal sources, suchas the

current situationas perceived bythe set ofFDs that output

conditions,and theglobalgoalsoftheagent.

1. A

CTIVATION BY THE S ITUATION

Feature detectors ( FDs ) that output a condition c

spread activation to anyCM whose precondition set

contains c , if c is true. T he activation sent to a CM is

(C.

f )/n where n is the number of CMs whose precondition sets contain c , and C is the confidence of the condition. When a CM receives activation froma

FD it is divided bythe number of conditions in it’s precondition set.

2. A

CTIVATION BY G OALS

An external goal is represented bya condition c (as output bya FD) that must be achieved. T here are two types of goals, once only goals , which need onlybe achieved once, and permanent goals , that once achieved need to be maintained.

A goal increases the activation of the CMs that are correlated with it’s condition c by (W. g )/n , where n is the number of CMs activated bythis goal, and W is the correlation between anyparticular CM and the condition c . When a CM receives activation froma goal it is divided bythe count of predecessor links and activating goals for this CM, except that predecessor links or activating goals that share their defining condition are counted onlyonce for each condition.

3. I

NHIBITION BY P ERMANENT G OALS

A permanent goal is an external goal that once achieved, must remain achieved. A goal inhibits CMs that are negativelycorrelated with it’s condition c by

(W. d )/n , where n is the number of CMs inhibited by this goal, and W is the negative of the correlation between anyparticular CM and the condition c . When a CM receives inhibition froma permanent goal it is divided bythe count of conflictor links and inhibiting goals for this CM, except that conflictor links or inhibiting goals that share their defining condition are counted onlyonce for each condition.

T he next three rules determine howactivation is spread within the action selection network. T heyare analogous to the preceding three rules in the following manner. If a CM p is a predecessor of a CM s , then s treats p as a sub-goal byfeeding activation backward to p until the condition in s ’s precondition set to which p is correlated becomes true, as long as s is inactive.

If a CM p is readyor active, then it feeds activation forward to all successor CMs whose precondition sets contain a condition c to which p is correlated, as long as c is false. T his predicts or primes the successor CMs to be readyfor when the CM p achieves it’s result and becomes inactive again. It is analogous to activation bythe current situation.

A CM x will inhibit all conflictors for which there exists a negativelycorrelated condition c which is in the precondition set of x , as long as c is true. T his is essentiallytreating conflictors as if theyare permanent goal conflictors of CM x ’s preconditions.

4. A

CTIVATION OF S UCCESSORS

A readyor active CM p sends activation forward to all successor CMs s for which the defining condition c to which p is correlated (which is in the precondition set of s ), is false (the FD condition c ’s confidence C < T ).

If A is the activation of p , then the activation sent to a successor CM s is (A.( f / g ).W)/n , where W is the successor link weight (correlation of p to c ) and n is the number of successor links from p for condition c .

When a CM s receives activation froma predecessor

CM, the activation is divided bya count of the number of successor links to s , except that successor links that share their defining condition are counted onlyonce for each condition.

5. A

CTIVATION OF P REDECESSORS

An inactive CM s sends activation backward to all predecessor CMs p for which the defining condition c to which p is correlated (which is in the precondition set of s ), is false (the FD condition c ’s confidence

C < T ). If A is the activation of s, then the activation sent to a predecessor CM p is (A.W)/n , where W is the predecessor link weight (correlation of p to c ) and n is the number of predecessor links from s for condition c .

When a CM p receives activation froma successor

CM, the activation is divided bythe count of predecessor links and activating goals for this CM, except that predecessor links or activating goals that share their defining condition are counted onlyonce for each condition.

6. I

NHIBITION OF C ONFLICTORS

A CM x inhibits all conflictor CMs n for which the defining condition c to which n is negatively correlated (which is in the precondition set of x ), is true (the FD condition c ’s confidence C > T ), and there is no inverse conflictor link from n to x that would be stronger. If A is the activation of x , then x inhibits conflictor CM n by (A.( d / g ).W)/n , where W is the conflictor link weight (negative the correlation of n to c ) and n is the number of conflictor links from x for condition c . When a CM n receives inhibition froma

CM with which it conflicts, it is divided bythe count of conflictor links and inhibiting permanent goals for this CM n , except that conflictor links or inhibiting

goals that share their defining condition are counted onlyonce for each condition.

The Algorithm

The actionselectionmechanismproceeds byiterating the above spreadingrules and selectingthe CM withthe highest activationabove the threshold q , fromthe set of ready CMs. ACM is ready ifall ofits preconditions are satisfied. Ifthere are no ready CMs above the threshold thenthe threshold is decreased by10%. The correlations betweenCMs and FDs are also updated accordingto the equationabovewhentheactiveCMchanges.

Maes has shownthat withthese rules the network exhibits a planningcapability. The amount ofgoal-oriented verses opportunistic behaviour canbe tuned byvaryingthe ratio of g to f . This spreadingactivationresults inCMs beingselected accordingto a current plan, whichis represented bythe current activations ofthe CMs.

Activationbuilds up alongthe pathofCMs that lead to the goal because ofthe spreadingforward fromthe FDs representingthe current situation, and spreadingbackward fromthe goals. Conflicting goals or sub-goals inhibit each other via the conflictor rules. There maybe multiple paths betweena current situationand a goal, but the next appropriate behaviour (CM) onthe shortest pathwill obtain greater activationfirst. This allows for contingencyplans because ifa CM fails to performas expected the correlation betweenits executionand the expected outcome will fall until the next best plancomes into effect. The next best plan, or next shortest pathfromsituationto goal, will alreadyhavebeenprimed withactivation. The networkwill never be caught ina loop performingineffective behaviour iftherearealternativesolutions.

Example

The network below is anearlyimplementationofFloś litter sweepingand dumpingbehaviour as it appears on -screen.

Figure 8 - Simple sweep and dump ABBAnetwork

The solid lines represent the preconditions that are programmed to give the desired behaviour. The dashed lines represent correlations betweenthe executionofa CM and its effect onthe environment interms ofFDs. These are learnt duringrun-time, however it is useful to initialise themto speed learning, or to manuallyactivate certain behaviours to force the robot into situations where the correlationswillberecognised.

The networkcauses Flo to Follow walls hence sweeping up litter, until a fixed period Timer expires causingit to DumpLitter into a pile. It canalso crudely navigatearound cornersand obstacles byrepeated reversing and turningor stopping. The top-level goal is Cleaning .

The Stop behaviour is activated as a hard-wired reflex upon

FrontHit becomingtrue.

Figure 9 - Activation links of sweep and dump network

The activationlinks that result fromthe precondition and correlationlinks shownin Figure 8 are shownin Figure

9 above . For example, Follow is a successor of

ReverseTurn (and hence the later is a predecessor ofthe former). Because whenFlo is followingalonga wall its behaviour alternates between Follow and DumpLitter , these CMs feed activationforward to eachother via successor links. Since DumpLitter has the Timer expirationas a preconditionand Follow has this as a negative precondition(see Figure 8 ), the state ofthe Timer effectivelyalternatesthese behaviours. Rememberingthat a

CM cannot become active until all ofits preconditions are satisfied. Follow is also a conflictor of DumpLitter because Follow requires an ObstacleOnLeft ˘ a wall to follow, and DumpLitter is negativelycorrelated withthis conditionbecauseitdrivestherobotawayfromthewall.

3.3 The Implementation

ABBAhas beenimplemented as approximately36000 lines ofC++ code, includingrobot behaviours. Because code was developed to runonthree different platforms, a

Platform Abstraction Layer (PAL) was developed over whichthe rest ofthe systemwas layered. The PALhas beenimplemented over the VxWorks 1 operatingsystemfor use onour visionsystem, UNIX and the customrobot operatingsystem-MOSRA. The next layer provides an object-oriented frameworkfor managingand interconnectingarchitecture units. The top layer enforces the particular paradigm˘ inthis case the spreading activationrules and constraints oninterconnectingFDs and

CMs.

O S

N e tw o r k

L a ye r 1 - P A L

L a ye r 2 - S tr u ct u ra l

L a ye r 3 - P a ra d ig m

Figure 10 - ABBAImplementation architecture

1 From Wind River Systems, Inc.

AGraphical User Interface was also developed to aid visualisationand the manual activationofbehaviour sequences to help direct explorationand hence learning. In order to guarantee the real-time response ofthe networkthe feature detector conditions are updated at a fixed frequency

(around 100Hz inour current implementation). The active

CM is also iterated at this frequency. The spreading activationrules are applied asynchronously, so the effective frequencyvaries dependingonthe number ofnodes and otherprocessesrunningontherobotśmainCPU.

4. N

AVIGATION

Once we have a general actionselectionscheme to planbehaviour, we need a method for usingthis to plan navigation. This sectionbrieflydescribes the method we havedeveloped.

There are two mainapproaches to navigational path planning. One method utilises a geometric representation ofthe robot environment, perhaps implemented usinga tree structure. Usuallya classical pathplanner is used to find shortest routes throughthe environment. The distance transform method falls into this category [Zelinsky 93 ] .

These geometric modellingapproaches do not fit withthe behaviour-based philosophyofonlyusingcategorisations of the robot-environment systemthat are natural for its description, rather thananthropomorphic ones. Hence, numerous behaviour-based systems use a topological representationofthe environment interms onlyofthe robotś behaviour and sensing(eg. see [Mataric 92] ).

While these approaches are more robust that the geometric modellingapproach, theysuffer fromnon-optimal performance for shortest pathplanning. This is because the robot has no concept ofspace directly, and often has to discovertheadjacencyoflocations.

A B

C

D

A B

C

D

Figure 11 ˘ (a) Geometric vs (b) Topological Path Planning

Consider the example above , where the robot in(a) has a geometric map and its planner candirectlycalculate the pathofleast Cartesiandistance, directlyfromAto D.

However, the robot in(b) has a topological map with nodes representingthe points A, B, Cand D and connected by a follow-wall behaviour. Since it has never previously traversed directlyfromAto D, the least paththroughits map isA-B-C-D.

Consequently, our aimwas to combine the benefits of geometric and topological map representations ina behaviour-based systemusingtheABBAframework.

4.1 Spatial representation

The scheme developed involves havingfeature detectors (FDs) to represent locations. The confidence of the FD conditionrelates to the certaintyofthe robot being at the represented location. HowsuchFDs are implemented will be described shortly, but first consider that we have a FD for everylocationthe robot will be. For example, distributions ofFDs over the laboratoryfloor space. Because anaccurate knowledge ofthe geometric locationofthe robot is unnecessary, a course resolutionis sufficient. This will still require manyFDs, hence we will also allowa non-uniformdistributionofFDs over the floor, so that we can have a higher spatial resolutionwhere required. Next, we interconnect eachpair ofneighbouring

FDs (locations) witha behaviour that candrive the robot fromonelocationto theother,asshowninthefigure below .

B

F F

F

F

A

C

F F

D

F

F

F

Figure 12 - Location FDs connected via ’Forward’ CM

The locationFD A is a preconditionofa F orward CM that is correlated with D , throughinitialisationor exploration. This F CM drives the robot fromthe location that is its preconditionto the locationwithwhichit is correlated. Hence ifthe robot is currentlyat locationAand some other behaviour requires it to be at D, thenactivation will flowto this F CM bothbackward fromthe other behaviour and forward fromA. This is due to rules 5 and 1 above.InthiscaseFwillbecome active and drive the robot fromAto D. Ifanobstacle has beenplaced to obstruct the direct pathfromAto D, thenthe F behaviour would have failed. After a small number offailures, the correlationofF to D would be lowenoughthat the F CM connectingAand

B would receive greater activation. Hence the robot would drivefromAto B and subsequentlyfromB to D.

Inpractice, neighbours do not need to be fully connected initiallyas F CMs canbe added at runtime.

Exploratorybehaviour canbe engaged while recordingthe locationofthe robot eachtime a CM is initiated. Ifthe CM successfullymoves the robot to a newlocation, a new instance ofthe CM is created withthe old locationas precondition. The normal correlationcalculations described previouslywill ensure this CM becomes correlated withthe newlocation. Similarly, ifa CM becomes uncorrelated withanyFDs it canbe removed from thenetwork.

Nowto howtheFD d̀etectt́he robotś location. Each locationFD is associated witha node ina Kohonenselforganising-map (SOM) [Kohonen 90] . Each node inthe

SOM has anassociated vector, where the elements are contain values representingthe robotś sensoryand behaviouralstate.

The locomotionsoftware onour Yamabico robots constantlydelivers anestimated positionand orientationof the robot ina global coordinate system. This is calculated fromthe wheel encoders and hence has a cumulative error.

These odometrycoordinates are elements ofthe SOM node

vectors, alongwithother informationsuchas ultrasonic range readings, whisker deflectionand the currentlyactive

CM. So the SOM nodes are distributed over a high dimensional state space. The self-organisationofthe SOM proceeds typically˘ bymovingthe nodes closer to observed states withanever decreasingfield ofsensitivity.

This works to distribute the SOM nodes over the space accordingto the probabilitydistributionofobserved robot states. SOM nodes with vectors differingsignificantlyin the 2D-odometrycoordinates are assigned to different locationFDs. SOM nodes differingonlyinthe other elementsareassigned to thesamelocationFD.

Therefore, a locationFDś conditionis set whenits associated SOM node becomes activated bythe current state. The vector elements are weighted inthe distance calculationaccordingto the importance ofthe correspondingsensor.

To overcome the indefinite accumulationofodometry error, we can utilise the fact that we canrepeatedlydetect landmarks inthe environment whose positiondoes not change. We define a landmark as a recognisable feature at adistinguishablelocation.

Notethatthecorrelationcalculationsperformed aspart ofthe spreadingactivationalgorithmwill also cause FDs forsignificantlandmarktypesto become correlated withthe

F CMs from Figure 12 . For example, ifJoh has a visual r̀ed door´ feature detector, and there is a red door at locationD, the F CM that drives the robot to the door will becomecorrelated withther̀ed doorF́D. Since this CM is onlycorrelated withone locationFD, we have a correlation betweena locationand a landmarktype FD. Hence, when botha landmarktype FD and a locationFD both have true conditions and are correlated withthe same CM, we can assume we have detected a landmark. Inthis case, we adjust the robotś odometryand the odometrycoordinates inthe locationFDś associated SOM node to a position betweenthe current odometryreadingand the SOM coordinates. The actual positiondepends onthe confidence ofthe locationFDś conditionand the current error bounds ontheodometryreadings.

4.2 Topological representation

The above mechanismprovides robust spatial path planning. Extendingthis to include a topological representationis simple. As mentioned previously, the

F orward behaviour CMs canbe added at runtime. By notingthe locationwhena CM is activated and deactivated, and creatinga newinstance ofthe CM withthe start locationas a preconditionand correlated withthe final location. This is also performed for other CM types. For example, ifthe robot activates the Follow CM to wall -followfromAto C, thena newinstance ofthe Follow

CM is created withthe locationFD Aas a preconditionand correlated withthe locationFD C. Hence, a topological map connectinglocationFDs via behaviour CMs is built up.BecausethewallfollowlinkfromAto Cisshorterthan the two links going via B, the spreadingactivationwill favour this route (whichstill passes physicallythrough locationB inthiscase).

4.3 Rendezvous

One ofthe requirements ofthe cleaningtaskis for Flo and Johto arrange a r̀endezvous´at a nominated location.

Nowthat we have described a mechanismfor navigation fromone arbitrarylocationto another, the onlyremaining problemis howJohand Flo cancommunicate the rendezvous location. The difficultyis since the robots have heterogeneous sensors and behavioural repertoire, there is no commonlanguage that canbe used. The solutionwe adopted was to communicate onlylocations that have previouslybeen grounded ineachrobotś map.

Specifically, ifthe robots are inclose proximitysuchthat

Johcansee Flo it cancommunicate a request to Flo to label the current location. Inthis case, the robots will have shared labels for locations intheir ownmaps. Whena rendezvous is required, onlythe label ofthe location need becommunicated.

The mechanisms described above satisfyour aimof combiningbothspatial and topological map representations and pathplanningwithintheABBAframework.

5. C

OOPERATION

The ABBAframeworkwas developed withinthe context ofinvestigatingmulti-agent cooperation. Hence, one further requirement for the architecture is the abilityto planmulti-agent interactions. First we need to consider the nature ofcooperation. Cooperationbetweenprimates providesmanyessentialideas.

Primates are verysocial animals. As Bond writes in reference to vervet monkeys, ^ They are acutely and sensitively aware of the status and identity of other monkeys, as well as their temperaments and current dispositional states ~ [Bond 96] . Humans, as other primates, have the abilityto co -construct plans withmore that one interactingperson, and flexiblyadapt and repair themallinrealtime.

Bond goes onto describe the constructionand executionofjointplansinmonkeys.Hedefinesa jointplan as a conditional sequence ofactions and goals involvingthe subject and others. Inorder to achieve interlocking coordinationeachagent needs to adjust its actionselection based onthe evolutionofthe ongoinginteraction. The cooperative interactionwill consist ofa series ofactions - includingcommunicationacts. Eachagent attempts different plans, assesses the other agents´goals and plans, and alters the selectionofits ownactions and goals to achieve a more coordinated interactionwhere joint goals are satisfied. This model ofinteractionis similar to that proposed byhumanconversationtheorists [Goodwin 81] .

The ABBAactionselectionmechanismcanbe effortlesslyapplied to the distributed planningofthese joint plans. This is because it is irrelevant whichrobot causes a change inthe environment that triggers the preconditionof the next actionofa sequence. The multi-robot-environment systemcanbeconsidered asinglesystem.

Consider this deliberatelyover simplified illustration.

Thesituationis that Johwishes to initiate a rendezvous with

Flo,and forFlo to dump itslitterforJohto vacuum.

1a1a 2a2a

1b1b 2b2b

Flo

Joh

Environment

Goto A &

Dump litter

Got OK

Message to Joh - Meet me at Location A

Got message goto x Message to Flo - OK

Goto x (=A )

Saw Flo dump litter (at A)

Vacuum litter

Figure 13 - Interleaved cooperative action sequence

The cooperative interactionconsists ofa sequence of actions byeachrobot interleaved. Ina real networkto implement this behaviour, the CM 1b would require a variable precondition˘ the locationFD for x. ABBA implements this usinga facilityfor indexicals [Rhodes 95] , ormarkers,whichisnotdiscussed inthispaper.

6. C

ONCLUSION

We have described our distributed actionselection mechanismused for planninginABBA. We have shown mechanisms utilisingABBAthat implement robust and homogeneous planningofnavigation, cooperation, communicationand reactive behaviour. The pathplanning mechanismalso unifies spatial and topological style map representations. Aplan, as represented bya pathofhigh activationthroughthe network, caninclude anytype of behaviouraselementsintheactionsequence.

ABBAwas used to implement a real multi-robot cleaningsystem. Some ofthe component behaviours and sensingtechniqueswerealso described.

A CKNOWLEDGMENTS

This workwas supported byFujitsuwho produced our visionsystem, and Wind River Systems, suppliers of

VxWorks.

R EFERENCES

[Bond 96] Bond, Alan H., ^ An Architectural Model of the Primate

Brain ~, Dept. of Computer Science, University of California , Los

Angeles, CA90024-1596, Jan 14, 1996.

[Cheng 96] Cheng, Gordon and Zelinsky, Alexander, ^ Real-Time

Visual Behaviours for Navigating a mobile Robot ~, Proceedings of the IEEE/RSJ International Conference on Intelligent Robots and Systems (IROS) , vol 2. pp973. November 1996.

[Goodwin 81] Goodwin, Charles, ^ Conversational

Organization : interaction between speakers and hearers ~,

Academic Press , NewYork and London, 1981.

[Heinzmann 97] Heinzmann, J. and Zelinsky, A., ^ Robust Real-

Time Face Tracking and Gesture Recognition ~, Proceedings of

IJCAI’97, International Joint Conference on Artificial Intelligence ,

August 1997.

[Jung 96a] Jung, David and Zelinsky, Alexander, ^ Whisker-Based

Mobile Robot Navigation ~, Proceedings of the IEEE/RSJ

International Conference on Intelligent Robots and Systems

(IROS) , vol 2. pp497. November 1996.

[Jung 97] Jung, David, Cheng, Gordon and Ze linsky, Alexander,

^ An Experiment in Realising Cooperation between

Autonomous Mobile Robots ~, Fifth International Symposium on

Experimental Robotics (ISER), Barcelona, Catelonia, June 1997.

[Kohonen 90] Kohonen, Teuvo, ^ The self-organising map ~,

Proceedings of IEEE , 78(9):1464-1479, Sep. 1990.

[Maes 90a] Maes, P., ^ Situated Agents Can Have Goals. ~,

Designing Autonomous Agents . Ed: P. Maes. MIT-Bradford Press,

1991. ISBN 0-262-63135-0. Also published as a special issue of the

Journal for Robotics and Autonomous Systems,Vol. 6, No 1, North-

Holland, June 1990.

[Mataric 92] Mataric, Maja J., ^ Integration of Representation Into

Goal-Driven Behavior-Based Robots ~, in IEEE Transactions on

Robotics and Automation , Vol. 8, No. 3, June 1992, 304-312.

[Rhodes 95] Rhode s, Bradley, ^ Pronomes in Behaviour Nets ~, Tech.

Report #95-01 , MIT Media Lab, Learning and Common Sense

Section. Jan 1995.

[Yuta 91] S. Yuta, S. Suzuki and S. Iida, ^ Implementation of a small size experimental self-contained autonomous robot - sensors, vehicle control, and description of sensor based behavior ~, Proc. Experimental Robotics , Tolouse, France,

LAAS/CNRS (1991).

[Zelinsky 93 ] Zelinsky, A., Jarvis, R.A., Byrne, J. and Yuta, S.,

^ Planning Paths of Complete Coverage of an unstructured

Environment by a Mobile Robot ~, International Conference on

Advanced Robotics (ICAR) , Tokyo, Japan, November 1993.