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Abstract. 1 MORIA is a low costfuzzy controlledautonomousservicerobot.
Themajorgoal of our experimentwasto developa human-lile decisionstrateyy
that supportsautonomousavigation of the systemin office buildings. This pa-
per presentghe variousstepsduring the designcycle, from specificationto its
implementation Experimentalresultsshav that the developedprototypereacts
autonomouslyn anappropriatenannerto the variousdynamicchange&ncoun-
teredin thetestervironment.

1 Intr oduction

A new breadof robotsis enteringour daily life. They cleanthe floors at airports[1],

carrysuit-case$n hotels[2] andguideyou within a museun(3]. Theserobots,known
as servicerobots,have four commonfeatures.(1) They work within structured envi-
ronmentghatare a-priori known Office environmentscanbe consideredstructuredas
they have fixed building elementdike: corridors,halls, elevators,rooms,etc. (2) The
complity of theernvironmentis high. Not only do the structurecdbuilding elementslif-

fer from building to building, but alsothe numberof elementsithin abuilding is quite
high especiallyif we considerthat office building canhave from two to thirty floors.
(3)Theenvironments highly dynamic.Theservicerobotshave to operatedogethemwith

humansdn the sameernvironment.Thatmeanssharingthe samepathandaccesgoints
from oneclosedervironmentalsection- corridor - to the next one.The compleity is
increasedeven moreif the servicerobotsoperatein groups.But not only mobile ob-
jectsreflectthe dynamicchangesn the environment,static objectslik e, desks,chair,

boxes,etc. canblock or partially occludepartsof known paths.Their appearencand
disappearancia the ervironmentcannot be foreseer(planned)a-priori. (4) Theuses
are technically unskilledpersonnel . Therefore not only doesthe humaninterfaceto the
machinehave to be simple,but anadditionalsourceof uncertaintyhasto be takeninto
considerationThesefour featuresrequirea high navigation autonomyof the robotin

the office environment,anda stratey for efficient tasksolving - from collision avoid-
anceto reschedulingpf missions Althoughthefirst stepshave beenmade thereis still
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avery long way to go until populationsof robots“li ve” within our buildings or even
apartmentsandshareall heary, unhealthyor time-consumminghores soimproving
the quality of our daily life. Until now, cooperatiorhasbeenmainly studiedbetween
onerobotanda humanor a few robotsin a room like ervironment,e.g.[4] [5], [6].
Whatis still missingarethe experimentswith largenumbersof robots(over50) driving
throughbusy buildings. Thefirst steptowardthis vision is to developa navigationand
planningstratey for a singlerobotthatcancopewith a service-like environment.The
increasen compleity throughtheintroductionof a groupis the next step.

Fuzzylogic theoryoffersa naturalway to integratetheserequirementsn onesys-
tem.It hasalreadybeenshavn thatfuzzyrule basedsystemgFRBS)areimportanttools
for modellingcomplex systemswvhere,dueto the complexity or theimprecisionof the
procesdo be controlledthe knowledgebaseis acquiredfrom humanexpertor from a
referentialdatasetwith neuralor geneticalgorithms[7]. The advantageof fuzzy con-
trol is obviouswhenthe control processs non-linear hasa time dependenbehaiour
andthe available measurementkave a poor quality or a high uncertainty The fuzzy
logic theoryreplace<risp valueslike “true” and“f alse” with a rangeof truth values,
crisp measurementike 0.5mor 1.2m, andlinguistic termslike “near” or “default”.
Thislinguistic descriptionloosengherequiredaccurag of the sensoriameasurement.
Thusthe outputof thesensor$iave to guarante@rangeof valuescorrespondingo pre-
definedinguistictermse.g.“near” insteadof absoluteerrordeviation. Thefuzzyterms
in turnaredescribedy a continuousmembershigunctiondefinedoverthe samerange
of values.This descriptionmirrors naturallanguageconceptsand makesit possibleto
procesdinguistic conceptdik e the “distanceis short” in a precisecontrol system For
completedescriptionof the fuzzy logic controlmethodsee[8].

In this chapterwe proposea recurrentfuzzy systemto implementthe autonomous
behaiour of the robot. It hasto be mentionedthatit is not the only approachusing
fuzzylogic for robotnavigation.For comparisorsee[9—14], eachoneapplyingvarious
navigationstrateyies. Theoriginality of our approachs theintroductionof aninferren-
tial reasoningrocesghatsolvesinherentambiguitieswithin theervironment.Thusthe
behaviour of therobotis not only dependenbn the sensoriainput but alsoon its past
behaviour. This approachyivesa high degreeof autonomyto therobot. Fromthe point
of view of therobottheapproactcabedescribedo supportanhierarchicakrchitecture
basedon a high level planneranda low level executer{15]. Both levelsarebasedon a
fuzzy logic conceptandcopesuccesfullywith the givenservicetask.?

The high level plannerneedsa map of the ervironmentto scheduleanddistribute
thetasks.Althoughthe ervironmentis known a-priori, its structurecanalsointroduce
somehazardsn additionto the onescommingfrom the sensordueto similaritiesin
structuresteadychangedn theenvironmentandmachineunfriendlypaths e.g.winding
corridorstoomary doorsin asmallareagtc.Theseaspectairesupportedy themapof
the ervironmentthatunderlayshe planner The designechavigation schemeéhasto be
robustenoughto recoserfrom erroneougpathplanningonits own withoutrescheduling
the completepath e.g. by manou&ering autonomouslyout of a dead-endLast, but
not leastsomeof the missinginformationgiventhroughincompletecommandso the

2 A great number of different planners and testbedscan be found under http://eksl-
www.cs.umass.edu/planning-resources.html.



systemcan be compensatethroughapriori knowledgeaboutthe ervironmentby the
systemitself.

The presentedxperimentis the first stepin a larger projectdealingwith service
robots.In this experimentwe have mainly concentratean the first threefeaturesau-
tonomy, ervironment,andhumaninterface . Robotcooperatiorhasbeentakeninto con-
siderationwhile designingthe plannerandthe mapof the environment,thuspreparing
thegroundwork for the extensionto a groupof servicerobots.

The chapteris structuredasfollows. Sectiontwo presentghe architectureof the
implementedsystem We startby giving the reasorfor a fuzzy approachby introduc-
ing the problemto be solved andby giving the applicationconstraintsNext a general
overview of the architectureis introduced.In the following two sectionswe describe
detailsof the architectureln sectionthreewe describethe plannerandthe useof the
ervironmentmap.In sectionfour we presenthe navigationblock andtherelatedlocal
perceptionof the ervironment.Sectionfive presentghe experimentalresultsconcen-
trating on the monitoringand communicationcapabilitesof the system.We conclude
our presentationvith somefinal remarksandanoutlookon future actuities.

2 The Architecture of MORIA

2.1 Why A Fuzzy Approach?

As mentionedn theintroduction,servicerobotsoperatingn structuredeal-world en-
vironmentsrequirethe ability to copewith uncertainjncompleteandapproximateen-
vironmentalinformationin realtime. In addition,astherobotshave to executehumans
commandsssuedby personnelvith differentlevels of qualification,uncertaintieslue
to incompleteor missinginformationhave to betackled.The proposedecurrentfuzzy
system(RFS)thatimplementsan autonomousntelligent systemtakesinto considera-
tion all theseuncertainitesBeforediscussinghe proposedapproachwe would lik e to
describein moredetail the uncertaintiesxisiting in the ervironmentandtheir impact
ontherobot.

Thehighuncertaintyexistingin theenvironments themainchallengen thecontrol
andbehaiour of autonomousavigation. Thetypesof uncertaintycanbeclassifiednto
sensorydependenandinformationdependentSensorydependentincertaintycaused
by thelow reliability of the sensorsanbe reducedhroughsensoryfusionandby us-
ing additional,a-priori knowledgeexisting within the system.Informationdependent
uncertaintyoccurswhenthe mapof the ervironment- a-priori known structuredenvi-
ronment- doesnt fit reality dueto somedynamicchangesThe mapcanbeconsidered
incomplete The missinginformationis dueto:

— anincompleteplanof the environment(missingdynamicobjects).

— steadychangesn the ervironment(appearancanddisappearancef dynamicob-
jects);e.g.anobjectblockscertainpathfor a givenperiodof time.

— transientperturbationin the ervironment(moving object- humansor robots)that
distortervironmentalmeasuredy occludingfixedobjectslik e walls.

Thesevariousuncertaintiecancausehefollowing typesof errors:



— wrongdescriptionof thelocal ervironment;the error canpropagatento the navi-
gationstrateyy andstartawrong manoeuvrer

— wronglocalisationof therobotin its own internalmap;suchanerrorcouldtrigger
anothempathestimatiorcausingherobotto turnandstartlooking for its destination
usinganothergenerallylongerpath.

Thefirsttypeof errorhasalocal effect. Thelocal navigationof therobotis changedut
the pathfollowedto reachthe giventargetremainsthe same.The secondype of error
hasa largerimpacton the systemlt introducesa global errorjeopardisinghe success
of themission(task).

If we summarizeghe uncertaintieslescribedabore it canbe statedthatknowledge
of the ervironmentis inherentlypartial and approximateThis hasanimpacton both
the naviagtion andthe task planningof the autonomousystem.Sensings noisy, the
dynamicsof the environmentcan only be partially predictedand the hard- and soft-
waretasksexecutedby the system(robot) are not completelyreliable[16]. Classical
path planningapproachesave beencriticised for not being ableto copeadequately
with this situatior?. Traditionalapproacheo mobile robotnavigation have dealtwith
theserequirementdy usingcomputationallyintensive planningalgorithmsandexplicit
pre-determinedvorld models[18]. This is not necessarilya dravbackfor fixed-base
manipulatorsbut it is a problemfor mobile robotsfor which computationalesources
mustbe carriedon board.

In our opinionthefirst partof theansweiis notto compensatéor theuncertaintyat
a given processindevel throughhigherprecisionin the following processstep,but to
make decisionsbasedon qualitatve measurementthat give a certainrangeof values
with agoodprecision By usingqualitative decisionmakingtheprecisionof theneeded
information decreaseandthusbettermatcheghe input informationrequestedy the
control system.Thigjualitative decisionmakingcanbe supportedhrougha fuzzy ap-
proachwherethedecisionfor the behaiour is not decideadthrougha crisp structurebut
throughan evaluationof the bestpossibility within a givenrange.As will be shavn in
sectionfour our navigationblock utilisesthis decisionmakingapproactby introducing
fuzzy statevariablegFSV).

The secondpartof the answeris greatautonomyof the systenrelatedto its ability
to planapathbetweertwo givenpointsunderthegivenconditions A classicaplanning
strat@y needsanaccuratenapof theervironment.While qualitatve ervironmentalin-
formationis enoughfor navigation(collision avoidance)this type of informationis of
coursenot enoughfor a precisetopologicalmap of the ervironment.Let’s analysein
moredetailif a precisegeometricnapof the ervironmentis neededMany pathplan-
ning approacheslescribethe pathasa list of coordinatesAs long asthe ervironment
is restrictedo aroom,theamountof memoryneededs manageableBut if we think of
the servicerobotsdriving througha building the memoryneededor suchanaccurate
mapincreasewvery quickly andthe processindgime linearly with it. As alreadyshavn
by Safiotti [11] afuzzy basedcontrollerhasthe advantagethatthe intuitive natureof
collision-freenavigationcanbe easilymodelledusinglinguistic terminology(e.g.next
rightinsteadof 89.25° on preciseradius)[14]. Thisimpliesthatthelow-level behaviour

3 Safiotti [17] givesaninterestingglanceatthe“planningvs. reactiity debate”
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Fig. 1. SystemArchitectureof MORIA

approachallows the storingof informationat a higherlevel of abstractionlf thisis so,
a fusion betweerplanningandnavigation canbe doneby combininga high level goal
with anautonomousavigationwithin this goal. This combinationbetweenrhigh level
goalandlow level topologic map-baseahavigation canalsobe supportedhroughthe
fuzzy statevariablesintroduced.Thusthe planneris alsobasedon a topologicalmap
thatdoesnt keepthe high accurag of otherconventionalplannersput the goal of the
missionis still reachedUsingthis approactwe have extendedhefuzzy conceptdo the
planninglevel too. Therobotwill alwaysreachits global goal but nobodycanpredict
theexactcoordinate®f its pathexceptwhenthey aregivenasanintermediategoal.
By usinga fuzzy approachboth for planningand for navigation our autonomous

systembehaes at the sametime in a reactve and a goal orientedmanner The two
differentbehaioursareblendedtogetherdependenon the environmentalinformation
andtheinternalfuzzy statevariablesThe obtainedsystembehaiour althoughbuilt up
usingonly a few blocksis alwayschangingandadaptingin anadequatenannetrto the
ernvironment.The proposedlock architectureof the systemis presentedn Fig 1.

2.2 Problemspecification

MORIA (Fig 2) is designedasatransporsystemfor warehousesandoffices. Thema-
jor hardconstraintin our designspecificatioris the costof the controlarchitectureTo
becompetitvein themarket, ourindustrialpartnerequesteé solutionfor autonomous
navigation thatwould costlessthanUSD 6.000.This of coursehadanimpacton the
chosersensorsThe maintaskof the systemis to drive within anbuilding from A to B
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with the help of a map.The systemshouldfind the bestpathdependingon the type of
load. In caseof anunforseerobstacleor objecttemporarilyblockingthe path,the sys-
temshouldbe ableto recalculatehe pathwithout needingthe supportof a supervisor

Navigation is basedon 8 sonarsensorsandtwo wheel-encodersThe distribution
of the sonarsensorson the systemis givenin Fig. 2b. The alarm systemis triggered
by touchsensorsntegratedin thefrontal, lateralandrearledgebumpers.Thewarning
systemconsistf ahornandthreeflashinglights. Thelights areusedto give the status
of the vehicleusingcodedsignals:X-X-X for forward, X-X-0 for left turn, 0-X-X for
rightturn,etc.Thehigh-level plannercanbelocatedeitherontherobotor onanexternal
computerIn the secondcasean infraredlink is usedfor the communicatiorbetween
plannerand navigator. This communicationchannelis importantif a pool of robots
are working in the sameernvironments.Eachrobot hasa navigator and one planner
distributesthe taskand calculateghe paths.Theinfraredlink hasa rangeof 40m, so
for abuilding severalaccesdinks areneeded.

The interfacefor the useris a keyboard,a monitor anda joystick. The joystick is
usedfor manualdriving of therobot. Thekeyboardcanbelocatedeitherontherobotor
on anothercomputer The sameinfraredlink is usedfor remotecontrol. The monitor, a
2D mapof theervironment,is on aremotesystemandrecevestheactualdatafrom the
robotvia the infraredlink. This approachenableaisto useoneinterfacebetweenhe
low-level navigatorandthe high-level commandergplanneror human).The navigator
doesn‘tseethe differencebetweenthe two modes.The commandgiven by humans
areof type “next left”, etc. The systemcanbe enhancedvith an optional camerafor
additionaltasks,e.g.visualisationin a 3D virtual reality (VR).

2.3 Proposedapproach

Theabove mentionedspecificatiorrequiresanautonomouseaction(action)in thefol-
lowing situations:



— giventhe mapof the ervironmentthe systemis ableto find a pathbetweera given
sourceA anda given destinationB underspecialconstraintsFor example “the
numberof turnsshouldbe aslow aspossible”or “the corridor shouldbe always
largerthana givendistance”etc.

— thesystemshouldavoid collision while driving to its destinatiorwithoutlosingthe
predefinecpath

— thesystemshouldidentify dead-enddfjnd the bestway out andif necessaryecal-
culatethe bestpathfrom the givenposition.

If weanalysehesebehaviour patternsaandtake into consideratiotheirimpactrange
we candivide theminto globalandlocal. Actionswith globalimpactarerelatedto path
finding, localisationof the robotin the mapandupdatingthe mapof the ervironment.
The plannersupportsall thesetasks.For thesetasksa soft real time processingson-
straintis necessaryl heplannemperformingthesetasksis far-sightedandgoal-oriented.

The local actionsof the systemarerelatedto collision avoidanceandto adaptto
unforseersituationsappearingn the nearneighbourhoodThesenavigation tasksre-
quire hardreal-timeprocessingThe navigator performingthesetasksis short-sighted
andreactive. Unexpectedsituationsaremainly causedy moving objects Theseobjects
(events)arelocal andcanappearanddissappeawithin anernvironment.Their impact
could createa mismatchbetweerthe internalmapof the ervironmentandreality, thus
have alsoaglobalimpact. Thesystemwill first reactvia thenavigatorandadaptocally
in real-timeto the situation.The extractedinformationwill be passedo the planner If
a globalimpactis detectedhis changewill be processedby the planner By choosing
areactie navigatoranda goal-orientecblannerthe systemis ableto copewith known
andunknawn situationwhile keepingtheimposedime constraints.

The block architectureof the systemis presentedn Fig. 1. If ataskis givento the
systemthenthe plannerstartsthe following process:

— the startandendpoint are detectedn the internalmap; additionalinformationis
requestedrom theinternalknowledgebase

— thepathplannerestimateshe bestpathfrom A to B

— thetask generatoitransformsthe pathinto a list of linguistic commandf type
“straightahead”,'next left”, etc.

The navigator hasonly “one commandin mind” at a time andtries to fulfil it while
avoiding obstacle®n its way. This meanghatthefollowing processingtepsareiniti-
atedby the navigator:

— thesensoriainformationis fusedandevaluated

— the executedcommandis acknavledgedso the plannercantrigger the next com-
mand

— atopologicaldescriptionof thelocal environmentis generateéndsentto the plan-
nerto up-datethe map

At thefirst glancethe systembehaesasexpected The plannertakescareof global
issuesandhasa longerestimationtime for this while the navigatorreactsquickly only
to sensoriainformationandkeepstheimposedreal-timeconstraint.
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Left junction,Rightjunctionandmoving directionhave crisp,non-ozerlappingmembershigunc-
tionsandthe otherstatesGaussianik e, overlappingMFs.

But this approachs notsuficient for solving conflictingproblemsbetweemaviga-
tor andplanneror reactingadequatelyo unexpectedsituations A simpleexampleillus-
tratespossibleconflicts. Supposesomebodyputsa tablein the corridor (large enough
to blockit for therobot). This informationis notin the map,thereforethe pathplanner
givesacommando go straightthroughthe corridorignoringthechangeThelocal per
ceptualbblock of the navigatoridentifiesthe blocked corridor. For awhile thecommand
comingfrom the plannerhasto be post-ponedindthe behaviour “basicreactvity” has
to bechangednto “blockedcorridorreactvity” of thenavigator(seeFig. 3a). Theplan-
nerhasto beinformedaboutthe occurrenceof the specialsituation.Fromthe point of
view of taskdistribution, the navigatoris now the masteruntil the unexpectedsitua-
tion is solved. To handlesuchsituationswe introducedfuzzy statevariables(FSV). At
all timesthesevariablesidentify the local situationbasedon the sensorialinput, the
currentglobalcommandandthe previous “state-of-mind”of therobot (previousfuzzy
state)(seeFig. 3b). If we blendtheseanputstogethel(commandsensorialnput,andthe
fuzzy statevariables)nto onefuzzy inferenceengine we have a goalorientedreactive
autonomousystem(seeFig 7). The modulardesignapproachhasleadto arecurrent
fuzzy systemimplemention[19Jof theautonomou®ehaiour.

2.4 A Recurrent Fuzzy System

A (first order)recurrentfuzzy system(RFS)is characterisetby rulesin which oneor
morevariablesappearbothin the premiseandconsequenparts,like x in: IF x(t-1) is
ASANDu(t — 1) is B THEN x(t) is C¥, whereA* representshe membershigunctions
codingthe linguistic termk associatedo the variablej [19]. A recurrentfuzzy system
meansa fuzzy systemwith inferential changing,an approachvery typical of fuzzy
reasoningr fuzzy expertsystemsbut veryinfrequentlyin fuzzy controlwhereoneshot
input/outputstructuresarecommonplaceAn n-th-orderRFSmayalsocontaininternal
variablesfrom several (n) differentblocks of rules. The fuzzy internal variablesalso
have their own temporaldynamics Fig. 5 shavs two examplesof fuzzy statevariables
for Moria.
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In contrastto RFS, most autonomougobots have standardFS without memory
They actor reactonly basedon the actualsensoriainput. Ambiguousstatessuchas
“narrow passagebr "accidentdanger”(Fig. 4 f,p-r) aredifficult to recognisemmedi-
atelywhentherobotis in locomotion.By introducingfuzzy statevariables(FSV) we
addeda local memoryto the navigation processandgave the systemthe capabilityto
reactin a temporalydynamicway to complicatedsituations(Fig. 4n-u) basedon the
near past. Another advantageis the smoothpassagdrom one behaiour to the next
throughthe FSV. The different stratgjies are smoothlyblendedtogether(in a fuzzy
manner)dependingon the degreeof the belongingof the ervironmentalconditionsto
adefinedstate Not all statesarefuzzy, somearecrisplike “left junction”. An example
of the usedfuzzy controlleralgorithmis givenin Fig. 6. The calculationof the center
of gravity for the resultfunction speedis the major bottleneckof the fuzzy algorithm.
Therefore a modifiedresultfunction calculation[20] is suggestedn which the center
of areaM; andtheareaA, of amembershigunctionarecalculatedoeforeruntime (m
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The setof fuzzy statevariablesrepresents local perceptualnd action memory
of thefuzzy controller(FC) (Fig. 3). Sincestandarduzzy membershigunctionsmay
implementedothascrispor fuzzy values statescouldalsobe crisp or fuzzy.

Furthermorea fuzzy statevariablerepresents landmarkfor the topologicalmap.
Let'slook at a moredetailedrepresentationf the systemarchitecturgFig. 1).

The plannergenerates list of commandgseesection3). Only onecommandat a
timeis sentto the FRBS.Thenext oneis triggeredby the sensoriainformationcoming



from the Local PerceptuaSpaceandthe FSV. For exampleif the commandis “next
left” andthe FSV =1 (Fig. 3b) thiswill triggerthenext commandrom the plannerist.

The navigator has several behaiour modules(Fig. 3a) eachbeing a fuzzy rule-
base.If the situationi occurs,the correspondindguzzy rules are selectecthroughan
additionalfuzzy rule (context rule), andselectsthe conditionvariablei. In contrastto
the approactpresentedy [13] our vehicledoesnt needthe definition of specialrule
weightsto changdrom onenavigationstateto thenext. Thisis doneby thefiring value
of the context rulesandwhich arenot seta-priori. Furthermorehe new fuzzy statevari-
ablesatthenext time stept+1 is calculatedrom thesensorialnputandtheactualfuzzy
statevariableat time stept. As anexample,if the premise’IF left sensor= very small
AND front sensor= default AND right sensor= very small” is activatedthena narrov
corridoris detectecandtherobothasto drive slovly. UndertheseconditionsFSV 5 and
6 areactivated(Fig 3b). Thefuzzy ruleshave thefollowing form for the motor control:

IF COMMAND is C

AND SENSOR(1)s I, ... AND SENSOR(m)s I,
THEN SPEEDis S; AND ANGLE is A,

or

IF COMMAND is C

AND STATE(1)is ST1,, ... AND STATE(n)is STn, ,
AND SENSOR(1)s I,,; ... AND SENSOR(m)s I,
THEN SPEEDis S; AND ANGLE is A,

For the estimationof theactualFSV theformis:

IF COMMAND is C

AND STATE(1)is ST1,, ... AND STATE(n)is STn,,
AND SENSOR(1)s I,,; ... AND SENSOR(m)s I,
THEN STATE(1)is ST1,, ... AND STATE(n)is STn;,

The collision avoidancestrat@y basedon theserulesis explainedin moredetailin
sectiond. Theimplementedecurrenfuzzy systemhas29 inputs: 7 FSV’s, 8 sensorial
inputs,1 commandnput, 8 sensoriallerivativesand5 FSV derivatives.The numberof
outputsis 14: 2 for motor controland 12 FSV's. The implementedule-basehas352
rules. Theserulescanbe divided into blockscorrespondindo the variousbehaiours
presentedn Fig. 3. Theadvantage®f theapproactcanbe summedip:

— keepthe modulardesignof high-level plannerandlow-level navigator
— have asmoothpassagérom goal-orientedo reactve behaiour without conflicts

— keepa modularstructureof the autonomoudehaiour by implementingseveral
behaiour blocksseparately

— extendto new behaiour typeseasilyby addingnew fuzzy statevariablesandnew
behaviour blocks.
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3 Goal-oriented Planner

3.1 Path Planner

Most pathplanningapproachearebasedn high precisionmetricapproacheandde-
mandveryreliableandaccuratesensodevicesaswell asgreatcomputationapower. In
addition thesemethodshave difficultiesduringnavigationin complex anddynamically
changingenvironmentswhereunknown obstaclesappearon an a-priori plannedpath
[17,14]. The corventionalpathplanningapproachefor mobile robotsmaybedivided
into two categories.Oneis globalpathplanningbasedn a-prioricompletenformation
abouttheervironment.Theotheris thelocal pathplanningbasedn sensoinformation
in uncertairervironmentwheresize,shapeandlocationof obstaclegreunknawn.

In ourapproachthenavigatoris analogouso adriverandaplannerto aco-driver of
thesystemThe planneris in chageof themapandof finding new routes(paths)when
unexpectedobstacleappearlt utilisesa topologicalmap of the network of corridors
andhasthe path-findingsophisticatiorto plan a routefor the robot. The planneruses
only computedstatevariablesof the navigator combinedwith fuzzy metric informa-
tion. The fuzzy statevariablescontaininformationaboutactionsof the robot, relative
fuzzy distancesincethe last fuzzy stateinteractionandinformationaccordingto the
currentsituation.Thetaskgenerato(seeFig.1) transformghe foundpathinto alist of
commandgTablel). Fig. 8 shavsanexample.

In casewhereobstaclesuddenlyappeayrfastreactionof therobotis neededSince
MORIA driveswith amaximumspeecf 1.0% therobotmayhave to makeahardbreak
and/orturn. To avoid ajerky driving stylewe implementedsomeadditionalcommands
(4-7 in table 1) wherethe navigator executesmmediatelywithout exploring the best
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Fig. 8. Path-planningandthe correspondingommandist: next left (a); next right (b); straight
ahead(c); next left (d); straightaheade); stop(f).

next ervironmentalpossibility.

Obviously, metricinformationaboutprecisedistancesrenot necessaryThe maze
of corridors can be representeds a graph. The path planningalgorithm actslike a
vectoredgraphsearchTo find the bestrouteis an NP completeproblem.We restricted
the searchby reducingthe maximumnumberof corridorsto one hundred.This is a
realisticfigure evenif the building is very complex with alarge numberof floors. The
searchcan be donerecurrentlyfor eachfloor. A detailedpresentatiorof the search
algorithmcanbefoundin [15].

3.2 Map of the ervironment

Geometriapproachessedistancenformationfrom severalsensorso build geometric
mapsmostly basedon probability theory e.g. [21]. Theseapproachesieeda lot of
preciseinformationandhave difficultiesin distinguishingbetweenstaticanddynamic
objects.An off-line generatiorof a topologicalmapout of the geometricinformation
canleadto errors Explorationasagraphconstructiorwithoutdistanceénformation,e.g.
[22], requiresfrom therobotto dropdistinctmarkers.Our approactexploresdifferent
levels of map representatiosimultaneouslywithout droppingdistinct markers. Each
maptype haslimitationsandis thereforeusedfor partof the plannertasks.
Theservicerobotsactin astructureda-prioriknown ervironment.Thestaticmapof
theernvironmentis usuallyavailablein acomputereadabldormat.In ourcaset is read
automaticallyinto the system.Part of it is shavn in Fig. 9. This mapis thencorverted
into atopologicalgraphthatis usedto searctpaths. Onthegraphlevel, wetry to extract



Table 1. List of commandsinderstoody the navigator They areimplementechsGaussianike
membershigunctionswith y(x) > 0in thegiveninterval andy(x) = 1 in themiddleof theinterval

Commands Fuzzynumber
Stop(s) 0€[-0.5,0.5]
StraightAhead(a) 1€ 05,15
Take Next Left (1) 2€[15,25
Take Next Right(r) 3¢[25,35
Go Backward (b) 4¢[3.5,45

TurnLeft Immediately(li) | 5€ [4.5,5.5
TurnRight Immediately(ri)| 6 € [5.5,6.5

Go Forward(f) 7€[6.575
ChangeDirection(cd) 8¢ (75,85
new: LastLeft (Il) 9€[85,9.5

new: LastRight (Ir) 10€ [9.5,10.5]

wC
T g3 qesfror | qoo | Tt
Cooridor C2
A (- (- L
T04 T06 TO8 WB Jg TI2 T14

Fig. 9. Robotervironment:corridorof a building

places pathsandtheir fuzzy metricrelationsbasedon the fuzzy statevariableqg23] of
therecurrentfuzzy controller

Somewords have to be said aboutthe map updateprocedure At the navigation
level we have a perceptionmodulewere the local sensoryinformationis keptanda
local representationf the ernvironmentis available.Fig. 11 shavs a topologicalmap
andFig. 10 a sensoreadingof the samesimpletestervironment.The positionerror
of therobot after oneloop is around2.0m in the sensoiplot. The navigator usesthis
local mapfor collision avoidance This informationis alsosentto the plannertogether
with the recognisedstructurethroughthe identified fuzzy statevariables.In this way
dynamicobjectscanbe handledandmapupdatesnade.
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Fig. 10. Map generatedby the sensoriainformation

4 Reactve Navigator

The recurrentfuzzy inferenceengineof the systemoperatesasedon the fuzzy input
variables:command sensorialinformation, the FSV, the speedand direction (angle)
of the motor, the angleof the front wheel,andthe new fuzzy states.The avoidance
procedurds basedon a reactize control loop betweensensorsaand motorsby slightly
changingthedriving angleandreducingthe motorspeed.

The“basicreactve behaiour” of the fuzzy controllerusesonly threesensorsFor
driving forward the sensord-L, F, FR asshown in Fig. 12. For driving backward the
correspondingymmetriconesBL, B, BR, areused.Thelateralsonarsensorgeft L and
right R areusedfor dockingor driving parallelto awall by evaluatingBL, L, FL for the
left wall andBR, R FR for theright one.Therangeof valuesof eachsensotis divided
into threelinguisticterms:“verynear”,“near”, “standard” For eachcombinatiorof the
threemembershigunctionsa fuzzy rule is given (seeTable 2). The rule baseof the
basicbehaiour is completelydefined(27 rules).

The systemoutput valuesfor speedand rotation angle (direction) are estimated
throughsuperpositiorof the variousforcesactingin thedecisionmechanismsensorial
forces,commandforces,FSV forces.Let's consideffirst the forcesintroducedby the
sensorialnputasshowvn in Fig. 12. Thefiring rule will be:

IF FRONT-SENSORis very-neatAND FRONT-LEFT-SENSORs nearAND FRONT-
RIGHT-SENSORIs very-near
THEN SPEEDIs (positive)-small ANGLE is negative-small

Thevehiclewill startturningto theleft astheFL sensoiis only nearcomparedvith
the othertwo values.If we addthe commandcomingfrom theplannerto theinference
procesghebehaiour couldbechanged:

casel:
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Fig. 11. Topologicalmapbuilt on sensoriainformation

Table 2. Basicreactvity rule base

lleft  [center [right [langle [speedi
normal{normal|normal{|zero |high
normalnormal|{small |[s.left |med.
normal normal|v. small|left small
normal{small |[normal|(s.left |med.
normal |v. smallnormal|(left small
small |normal|normal||s.right/med.
v. smallnormal{normal|[right |small

v. smallv. smallv. small|zero |zero

IF COMMAND is straight-ahead
THEN SPEEDIs default, ANGLE is zero.

casez:
IF COMMAND is left-rotation
THEN SPEEDIs very-small ANGLE is negative-very-lamge.

If casel is active thecommandorcesdon’t changethe motorcontrolrequestedby the
sensorslf case? is active thefinal outputwill be:

THEN SPEEDiIs almost-ery-small ANGLE is negative-medium

If we integrate(superimpose)he commandrulesandthe sensoriarulesthenthe rule
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Fig. 12. Fuzzydirectionforcesfor a blocked corridorandtheinput membershigunctions

for casel is:

IF COMMAND is straight-ahead

AND IF FRONT-SENSORIs very-nearAND FRONT-LEFT-SENSORIs nearAND
FRONT-RIGHT-SENSORIs very-near

THEN SPEEDIs positive-small ANGLE is negative-small

Now let'sintroducetheforce of the FSV. Theirimpactonthebehaiour canbebest
explainedwhena blocked corridorappearsThe basicreactie rule basewill decrease
the speedandslowly increaseheturning angleto theleft (negative large). The fuzzy
statedetectionwill fire thefollowing rule:

IF FRONT-SENSORIs very-nearAND FRONT-LEFT-SENSORIs very-nearAND
FRONT-RIGHT-SENSORIs very-near
THEN F SVen,, is blocked-corridor

This fuzzy statewill changethe behaviour of the systemfrom basicto “block-
reactvity”. Thefiring ruleis:



Fig. 13. 3D graphicaluserinterfacewhich shavs a planview of therobot’s progresghroughthe
testervironment.

IF FRONT-SENSORis very-neatAND FRONT-LEFT-SENSORs nearAND FRONT-
RIGHT-SENSORIs very-near

AND FSVen, is blocked-corridor

THEN F SV, ogion IS backwards.

The systemstartsthe recoveringmano&eur from a blocked corridorandthe FSV
informstheplannerabouttheidentifiedstate.The plannercaneitherkeepthelastcom-
mandif the robotwason explorationtour or recalculatea new path.As presentedn
section2.3 the behavioural blocks arefired in parallelandall inputs are estimatedat

oncethusproducingthe describedecurrenfuzzy system.

5 Implementation

5.1 Designand Simulation Environment

This projectusedthe designand simulationervironmentthat wasinitially developed
for the digitally implementedfuzzy control systemreportedin [23]. The modelling
systemFunryLab [24] was usedto createand edit the membershigunctionsandthe
rule base.OnaPC 486/ 33 MHz the generateduzzy engineprocessest a speedof
morethan2 MFIPS(million fuzzyinferencepersecond)ncludingdefuzzificatior25].
Theknowledgebasefile producedy FunryLabwasreadinto asimulationervironment
developedin-houseat GMD, which includesnot only a fuzzy inferenceengine,but
alsoamotionsimulatorwhich incorporatesa modelof thereal, measuredlynamicsof
therobot MORIA. A graphicaluserinterfacewhich shows a plan view of the robot’s
progresdhroughthetestenvironment,displaysthe valuesof certainkey parameterdt
allows the instantaneousntry of the plannercommandsgivenin table 1. The motion
simulatorhasbeendemonstratetb produceanaccurateepresentationf thedynamics
of MORIA during earlierdevelopmentwork, andallows a realisticassessmeruf the
effectsof the fuzzy controller, giventhatit includesthe effectsof theinertiaandfinite
responséime of therobot.

The userinterfaceincludesan additionalfeaturewhich allows single-steppingAt
eachstepit is possibleto watchthe activatedfuzzy rules,the sensoriabutput,andthe



valuesof thefuzzyvariablesThisfeatureis apowerful tool for examiningtheoperation
of therule baseover critical stretchef travel. This facilitatesthe rapid identification
of theactualfiring rule, thetuning of thebehaiour blocks,or the fuzzy statevariables.

5.2 The Robot MORIA

The vehicle MORIA is a mobile device with dimensionsof 157cmx 90cmx 73cm
(L,wW,H). The weight of the vehicleis 400kgandit hasa payloadcapacityof 150kg
(Fig. 14). The vehicleis driven by two motorsacting on a single wheel situatedin

thefront of thevehicle,onemotorthatis reversibleprovidesthedriving torque,andthe
otheronesteerghevehicleby changingheorientationof thedriving wheel.Dueto this

constructionthe forward andbackward driving stratgiesaredifferent.It is equipped
with 8 ultrasonicsensorsghathave arangebetweerb0 - 400cm.

Fig.14.MORIA attheHannwer Fair'96.

Computationatapabilitiesof MORIA consistof anindustrialPC (486/66MHz, 16
MBytes)with extended/O possibilities.The PCboardcollectsthe outputof the sonar
sensorandcontrolsthe two motors.A communicatiorlink to othermobile platforms
or remotecomputerss availablevia anon-boardnfraredsensor



5.3 Experimental results

The vehiclewastestedin the corridorsof our researchinstitution and several public
presentationsveremadeduring the Hannover Fair'96 andGMD OpenHousedaysin
the last 3 yearse.g. during the Hannover Fair the robot drives one week without an
accidentandonly two deadlocksThe first stageof the implementationthe low level
reactvity andhigh-level plannerwere presentedit the IEEE FUZZ/IFES'95whereit
tookthe“IntelligenceAward”.

Theexperimentaresultsprovednotonly therobustnesgy of userhelps/ (number
of operatinghours)) of the approachbut alsoshaved the simple programmabilityof
the systemthroughthe separatelydesignedbehaviour blocks. Dependingon the test
ervironment(width of the corridor) the samerule basewith differentdefinition of the
linguistic termsof the sensorialnformationwassuccessfullyExperimentswith differ-
entbehaiour typeswerealsotestedandan easydownloadmechanisnsupportedhis
adaptvity. The compleity of the environmentwasincreasedvery year At the endof
our experimentswith MORIA the systemwasableto drive throughthe variousfloors
usingthe behaiour blocksandthe numberof rulespresentedh this paper

The major gain from theseexperimentswasthe experiencewe acquiredin speci-
fying the featuresof a servicerobot for buildings. Basedon this experiencewe have
defineda new type of robot(a groupof three)which we arecurrentlystuddingThe be-
haviour developedfor MORIA wasportedandthe new mechanicatonstructiorof the
systemwasdesignedo betterfit ourlocal environment.The new family of robotshave
agreaterangeof operatione.g.they canusethe elevator The monitoringcapabilities
wereenhancedo permitgoal-orientechavigationfor all threerobotsto be performed
onaremotecomputer

6 Conclusionand futur e work

This paperdescribeda low-level navigator and a high-level plannerthat wereimple-

mentedasa fuzzy recurrentsystem By introducingthe fuzzy statevariableswe were

ableto drive andcontrol the robotthrougha complex ervironmentandthe systemre-

actedautonomouslyo unexpectedsituationssuchasmoving or dynamicobjects.Our

experimenthasalsoshavn thatautonomousystemsanbe controlledwith humanlike

behaioural commandghussupportinga humanfriendly interface.A new generation
of robotsis currentlybeingimplementedn the ARIADNE projectbasedn this expe-

rience.The maingoal of our researctwill bethe cooperatiorof the robotsundertest.

This featurewill be basedon an extensionof the global plannerhousedin a remote
systemandthereactive navigator presenbn theautonomouplatform.

AdknowledgmentJ. Huser ShuweiGuo, Stefan Virsik, MarkusEderandJ. Wehking
contrituted to the developmentof MORIA by implementingseveral modules.TZN
Unterlu3(Germam) supportedartof thiswork. JulianKolodko andthereviewer make
suggestiorfor improving this paper Our thanksto all of them.
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