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Abstract

Recently therehasbeenextensive work on the constructionof fuzzy controllersfor mobile robotsby geneticalgorithm, so
we canrealizeevolutionary optimizationas a promisingmethodfor developingfuzzy controllers. However, muchinvestigation
on the evolutionary fuzzy controller remainsbecausemost of the previous works have not seriouslyattemptedto analyzethe
fuzzy controllerobtainedby evolution. This paperdevelopsa fuzzy logic controllerfor a mobile robot with a geneticalgorithm
in simulationenvironmentsand analyzesthe behaiors of the controller with a statetransitiondiagramof the internal model.
Experimentaresultsshown thatappropriatecontrol mechanismsf the fuzzy controllerare obtainedby evolution. The controller
hasevolved well enoughto smoothlydrive the robotin differentervironments. The robot producesemegentbehaiors by the

interactionof severalfuzzy rulesobtained.
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I. INTRODUCTION

ENSORbasedmobile robot control hasbeenactively and extensvely studiedso far. Researcherbave applied
S severalmethodologieso obtainingmoreadaptve controllersbecausét is veryimportantto adaptto continuously
changingervironments. Traditionalapproachegriving the mobile robotsafter planningthe pathwith internalrepre-
sentationof their surroundingshave the shortcomingin adaptingthemto changingernvironments. To overcomethis
problem,anapproacicalledbehaior-basedor sensoibasedmethodhasbeenproposed.This approachakesthe way
of driving a mobile robot by direct mappingbetweensensorsand motorswithout building predefinedervironmental
maps[1].

Fuzzylogic controllers(FLC) [2]—[12] have beenwidely usedin mary applicationareasbecausehey caneasily
transformlinguistic informationandexpertknowledgeinto controlsignals.While fuzzy logic controlhasmary adwan-
tagesover traditionalmethodsjt hasalsosomedravbacksat the designstagein thatit is difficult to acquireexpert’s
knowledgeandtherearemary parameterseededo bedeterminedThus,mary researcherkave appliedevolutionary

algorithmsto the constructiorof FLCsin orderto automatehe procedureof determiningthe parameter§s]—[10].
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Fukuda[5] applieda geneticalgorithm(GA) in thetuning of fuzzy membershigunctionsto acquirethe swimming
motionsof artificial fish. Beom[6] proposed sensoibasednethodthatutilized fuzzylogic andreinforcementearning
for the navigation of a mobile robotin uncertainenvironments. In this work, fuzzy rule basesvere built throughthe
reinforcementearningthat requiredsimple evaluationdataratherthaninput-outputtraining data. Seng[7] proposed
a neuro-fuzzylogic controllerwhereall of its parametergould be tunedsimultaneoushby GA. The structureof the
controller was basedon the radial basisfunction neuralnetwork with Gaussianrmembershigunctions. They used
a flexible position coding stratgly of the neuro-fuzzylogic controller parametergo obtain nearoptimal solutions.
Lim [8] suggested paradigmfor learningfuzzy rulesusing GA. They formulatedtheir problemasfollows: Givena
setof linguistic valuesthat characterizehe input and outputstatevariablesof the systemin considerationderive an
n-rule fuzzy control algorithm. They appliedit to a classicalinvertedpendulumcontrol problemto demonstratehe
effectivenessof the GA learningscheme.lzumi [10] proposeda methodto constructa fuzzy behaior-basedcontrol
systemwhenthe robot cannotoften receve ary information from sensorsby applying a virus evolutionary genetic
algorithmwith specieg11] to generatinghefuzzyrules.

The previous works shav thatthe FLC parameterganbe tunedto produceappropriate=LC rules,the shapesand
centerf fuzzy membershigunctionsby GA. Nonethelesst is still necessaryo revealthe controlmechanismsf the
FLC controllerfinally obtainedby evolution soasto understandhow the controllerworksfor therobot.

In evolutionary biology and artificial life fields, there hasbeenan implicit agreementhat a complex and self-
organizedsystemshovs emegent behaiors [13]—[16]. Generally emegencecan be understoodas a processthat
leadsto the appearancef structurenot directly describedoby defining constraintandinstantaneouforcesto control
a system. Thereare several definitionson the terminologyof emegence. Morgan and Emmechedefinedit as*“the
creationof new properties’in 1923[13], [14]. Baastried to defineit moreformally in amathematicaform [15].

In this paper we have constructedhe FLC whoseinternalparametersiretunedby GA to controlthe sensotbased
mobile robot. In orderto do this, we have representedhe FLC parametersthe fuzzy setsandrulesof the FLC, in
geneticcodes We have analyzedhe evolved controlmechanisno shav thatthe behaiors of themobilerobotemege

from theinteractionamongseveral primitive rules.

IIl. KHEPERA: MOBILE ROBOT

KheperaseeFig. 1) wasoriginally designedor researclandteachingn theframework of a SwissResearctriority
Program. It allows confrontationto the real world of algorithmsdevelopedin simulationfor trajectory execution,
obstacleavoidance pre-processingf sensornjinformation,andhypothesigeston behaior processing.

A Kheperarobothastwo wheels. A DC motor coupledwith the wheelthrougha 25:1 reductiongearmovesevery
wheel. An incrementakncodelis placedon the motoraxisandgives24 pulsesperrevolution of themotor. This allows
aresolutionof 600 pulsesperrevolution of thewheelthatcorresponds$o 12 pulsesper millimeter of pathof therobot.

The motor controller can be usedin two control modes: speedand position modes. The active control modeis set
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Fig. 1. Mobile robot,Khepera.

Top View Side View Bottom View

Fig. 2. Positionof somepartsof therobot[17]. O LEDs. O Serialline (S) connectord Resetbutton. [0 Jumperdor therunning

modeselection.d Infra-Redproximity sensors.0] Batteryrechage connector 0 ON-OFFbatteryswitch. 0 Secondreset
button.

accordingto the kind of commandreceved. If the controllerrecevesa positioncontrol command the control mode
is automaticallyswitchedto the positionmode. Usedin speedmode,the controllerhasasinput a speedvalue of the
wheels,andcontrolsthe motorto keepthis wheelspeed.The speedmodificationis madeasquick aspossible,in an
abruptway. No limitation in acceleratiorns consideredn thismode.Eightinfraredproximity sensorsareplacedaround
therobotandarepositionedandnumberedasshovn in Fig. 3. Thesesensorembedaninfraredemitterandarecever.
This sensodevice allows two measures:

« Thenormalambientlight. This measures madeusingonly therecever partof the device, without emitting light
with the emitter A newv measuremeris madeevery 20ms. During the 20ms,the sensorarereadin a sequential
way every 2.5ms.Thevaluereturnedatagiventime is theresultof thelastmeasuremennade.

« Thelight reflectedby obstacles.This measurds madeemitting light using the emitter part of the device. The
returnedvalueis the differencebetweerthe measuremernhadeemittinglight andthelight measureavithout light
emissionambientight). A new measuremeris madeevery 2.5ms.Thevaluereturnedatagiventimeis theresult

of thelastmeasurememnade.

lll. FUZZY LOGIC CONTROLLER

The basicstructureof a fuzzy logic controllerconsistsof threeconceptuacomponentsfuzzificationof the input-
output variables,a rule basewhich containsa set of fuzzy rules, and a reasoningmechanismwhich performsthe

inferenceprocedureon therulesandgivenfactsto derive areasonableutput. An exampleof afuzzy inferencesystem



Fig. 3. Positionof the8 IR sensors.

with crispoutputis shavn in Fig. 4.
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Fig. 4. Block diagramof afuzzylogic controllet

A. FuzzySets

Navigation of a mobilerobotin uncertainervironmentsrequiresavoiding obstaclesIn orderto reacha destination
point without colliding into obstaclesa mobile robot shouldtake sensoryinformationaboutobstaclesnto account.
Our FLC useghe sensoryinformationof eightproximity sensorasinputsandcontrolsthe speedf thetwo motorson
Khepera.

Letd;,s = 0,1,...,7, beinputlinguistic variablesdefinedin the universeof discoursd/; = [0,1023] to represent
thevalueof theith proximity sensonf Kheperarobot. A fuzzy setD; ond; is definedasfollows:

Di= [ pp,(di)/d; (1)
Uqg
Theintegrationsignin equation(1) standsfor the unionof (d;, 1p,(d;)) pairs,andthey do notindicatesummatioror
integration. Similarly, “/” is only amarker anddoesnotimply division.
In thesameway, let v;, ¢ = 0, 1, beoutputlinguistic variablesdefinedin the universeof discoursd/,, = [-10, +10]

to representhe speedf theith motorof Kheperarobot,andafuzzy setV; onwv; is definedasfollows:

- /U ) @)

The inputlinguistic variabled; andoutputlinguistic variablewv; areexpressedy linguistic values(VF, F, C, VC) and
(BH, B, F, FH) respectrely. Thelinguistic valueshave themeaningssin tablel.

Themembershigunctionsof D; andV; areall in atriangularform definedby equation(3).



TABLE |

Linguistic valuesandmeanings.

Terms| Meaning Terms| Meaning

VF | VeryFar BH | BackwardHigh
F | Far B | Backward
C | Close F | Forward

VC | VeryClose FH | ForwardHigh

T—a c—x
tri I b,c) = ; —_— 3
rianglez, a, b, c) max(mm(b_a,c_b),0> 3

wherethe parameterga, b, ¢} with a < b < ¢ determinethe z coordinate®f thethreecornersof the underlyingtrian-
gularmembershigunction. To reducethe computationatompleity, somerestrictionsareappliedto eachmembership

functionasin thefollowing equationgseealsoFig. 5).

aev (i) = triangle0, 0, b2%)
pa; F(d;) = triangl€0, bg',bb )
pd;,c(di) = trlangle(b b’(’;ﬁ, 1023)
pia; ve (di) = triangle(b} , 1023, 1023) @
pho;,BH (v;) = trianglg(—10, —10, b))
fio;,5(vi) = triangle(—10, bS , bik)
fio,,F (v;) = trianglg(b%, b +10)
ooy 7 (V5) = rlangle(bvg', +10,+10)

wherel < bgj < bZ"i <1023 and—10 < b7 < b;f;:’ < +10. bng andb’c’é aretwo of b’gi,k =0,...,9, evenlydistributed
in the universeof discoursely, while b5 and bf};ﬁ aretwo of b’gi, k =0,...,9, evenly distributed in the universeof

discoursdJ,.

B. FuzzyRuleBase

Generallyahumanexpertcanconstructthe rule baseof an FLC basedon their experience However, whenit comes
to morecomplex work, it is difficult to tunetherule basewith only onhumanexpertise.To overcomethis difficulty, we
have useda geneticalgorithmasan automaticway to optimizetherule base.Therule basefor the FLC consistof the

rulesof IF-THEN statementasfollows.

Ry :IF(do = D)and--- and(d; = DY)
THEN (v = V) and(v; = V)
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Fig. 5. Themembershigunctionsof input(a) andoutput(b) variables.

R, :IF(dy = Dg)and--- and(d; = D7)
THEN (vp = Vy") and(v, = V")

Rn_1:IF(dy = D)"Y and--- and(d; = DY)
THEN (vo = V{¥ Y and(v; = V¥ 1)
whereR,, denoteghenth rule. Also, D} andV;*,n = 0,1,... ,N — 1, arethefuzzy setsdefinedon d; andv; in the

universeof discoursel/; andU, respectrely. Here, N denoteshe numberof therulesin FLC. The nth rule canbe

representedsafuzzy relationdefinedby equation(5).

Ry, :(Dy x DY x Dy x Dy x D} x Dg x D¢ x D7) )
5
= (Vo' V")

where— denoteduzzyrelation. Therule baseor thebehaiors of mobilerobotcanberepresentedsunionasfollows:

U]

N-1
= { U @F x D x- - XD?)%(%",VF)}

n=0

N-1

:{ [(D{}xD’fx---xD?)—H/})",(D(’}xD{‘x---xD?)—)V{‘]} (6)
n=0
—1

N N-1
= { U rv. U va"} = {RVy, RV3}
n=0 n=0
whereR consistof two subrule baseskV, and RV; which controlthe speedf mobilerobot. Eachrule baseconsists

of N rules,eachof which canberepresentetly afuzzy relationin the productspaceexpressedy equation(7).

Ud)(lﬂix b% X Ud)([h X L@ X UH)((Lix L% (7)



Thisfuzzyrelationcanbeimplementedvith eachcorrespondingnembershigunctiondefinedby equationg8) and(9).

prvy (do,d1,dz, ds, dy, ds, ds, dz,v0) @®
= f(upz(do), -+, wpp (d7), pyp (vo))

:u’van(dO’dlad%d37d4ad5ad67d7avl) (9)
= f(upg (do),--- , upz (dr), pvp (v1))

C. FuzzyReasoning

Let D? andD}' bethefuzzy setsdefinedond; in theuniverseof discoursd/; andVy, Vi, V¥ andVy* bethefuzzy
setsdefinedon vg andw; in the universeof discoursd’, respectrely. To controlthe actionsof mobiIerobot,V})”' and
V¥ shouldbeinferredfrom D?, DY, V* andV{". Thenth rule R,, canbetransformednto a fuzzy relationbasedon

Mamdanis fuzzy implicationfunction[18] asshawn in the following equations.

RVy (D, -+, D7, V') = (Dg x -+ x D7) x Vi’
(10)
= / pog(do) A -+« A ppz(dr) A pvg (vo)/(do, -+, dr,v0)
UgX-xXUgxUy

RV"(Dg,---,D7,V") = (Dg % --- x D7) x V"
(11)
= / pog(do) A~ -+ A ppz(dr) A pvp(v1)/(do, -+, dr,v1)
UgX-xUgxUy

Basedon Zadehs compositionatule of inference[19], V; andV; areexpressedis

N-—1
V.f:(DZ}'x---xD?’)O U(Dé‘x---xD?—)VO”)
- (12)
= (D x---xD¥)o | J RVF

n

=z 3

Il
<)

=

-1
Vi=(Dy x--xD¥)o | J (D} x---x D} - V)

S
Il
)

(13)

=
L

= (DY x---xD¥o RV

n=0



whereo denotesthe maximum-minimumcomposition. The resultingVj and V{ are expressedasin the following

equations.
N-1
pyy = U Vdo,---,d7{ [“Dg’ (do) A= A (d7)] A [HDg(do) A« A ppyp(dr) /\Mvon(vo)]}
n=0
N-1
= U Vaoyrstr { [l (d0) A+ Aty (dr) A i (do) A=+ A gy (d)| b A s (v0)
n=0
N-1 (14)
= U {Vao [1py (d0) A sy (do)] } A+ A {Vay [t (dr) A g dn)] } Ay (o)
=0~ ~ - ~ ~ L
" wo wr
N-1
= U (wo A---A w7) /\,uvon (’Uo)
| N —
n= firing strength
Similarly, pyy is definedas
N-1
Ky = U (wo A=+ Awr) Apyp (v1) (15)
N———
n=0

firing strength

whereA denoteghe minimumoperationandw; is the maximaof the membershigunctionsof D N DY

D. Defuzzification

Defuzzificationrefersto the way vy andv; areextractedfrom a fuzzy setasrepresentate values. Among mary
defuzzificatiormethodq18], [20]—[22], the centerof gravity methodis usedbecausét is widely usedandalsoappro-

priatefor our systemto controlthe mobilerobot.

v0)Vodv

o = Joo Hvo (v0)vodvo (16)
J oo Hvo (v0)dvo

5 — oy B (v1)v1d01 17

e f,Ul /1"()1 (’Ul)dvl
IV. EVOLUTION OF FLC PARAMETERS

A geneticalgorithm(GA) is asearchechniguebasedn themechanic®f naturalselectiorandnaturalgenetic§23].
This combinessurvival of thefittestamongstring structureswith a structuredyet randomizednformationexchangeto
form a searchalgorithmwith someof the innovative flair of humansearch.In every generationa new setof strings
is createdusing bits and piecesof the fittest of the old; an occasionalnewn part is tried for good measure. While
randomizedgeneticalgorithmsareno simplerandomwalk. They efficiently exploit historicalinformationto speculate
on new searchpointswith expectedmproved performanceThe generabrocedureof GA is shavn in Fig. 6.

At first, a populationof individualsthatencodecandidatesolutionsto given problemis initialized at random.Each
individualin the populationis evaluatedn the problemathandandchangedy geneticoperationsuchascrosseerand

mutationto reproducea new population.This procesggoeson until a satishctoryindividual appearsn the population.

8
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Fig. 6. Generaprocedureof GA.

Thewhole procesf tuning FLC parametersisingGA is depictedn Fig. 7. Thecodeof anindividual representing
the parameter®f FLC is appliedto the Kheperarobotin the ervironmentto measurehe fitness. After someperiod
of time, eachindividual FLC is givenafitnessvalueaccordingto its performancen a given domain. Theindividuals
with higherfitnessare selectedand go throughgeneticoperationgo producethe next populationof individuals. In
the exampleof Fig. 7, the 1st, 2nd, 5th, and 7th individuals are selectedbecausehey have higherfitnessvaluesthan
the others. This whole processcontinuesuntil a controller shaving good performancein driving the robotin the

environmentis found.

‘ C — M Fuzzy
rossover utation System
Low Fitness High

Fig. 7. Fuzzysystemtuningby GA.

Therearetwo parametershatshouldbedeterminedo run GA: how to encodehe FLC parametergn genecodeand
how to estimatehefitnessvalueof eachindividual. For the FLC parametersgightinputvariablesiwo outputvariables,

andmaximallytenrulesareencodedasshavn in Fig. 8.

| 8 INPUTS |20UTPUTS| 10 RULES |

Fig. 8. Encodingof FLC parameters.

Sixty bits arerequiredto encodeall the fuzzy setsdefinedon all the input-outputvariablesbecausenly two of the
four fuzzy setsof a variableneedto be encodedseeequation(4)) andonly six bits arerequiredto encodewo fuzzy
sets(seeFig. 9).
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Fig. 9. Encodingof membershigunction.
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Fig.10. Encodingof arule.

Eachrule haseightinput variablesdy, . .. , d7, andtwo outputvariablespy andv;. Threebits represeneachinput
variable.Two of them(white cellsin Fig. 10) areusedfor codingoneof thefour fuzzy sets VF (00),F (01),C (10),and
VC (11). Thelastoneis atogglebit. Thevariablehaving thetogglebit 1 participatesn the conditionalpartin thefuzzy
rule. In outputvariablesthetwo bits of eachvariableareusedfor codingoneof thefour fuzzy sets BH (00),B (01),F
(10),FH (11). Thereareno toggleflagsbecausall the outputvariablesshouldappeain consequenpart. Finally, the
lastbit in Fig. 10 designatesvhetherthis rule participatesn fuzzy inferenceprocesor not. Therefore Fig. 10 canbe

decodedsfollows:

IF (dy = VF) and (d; = F) and (dg = C) and (d7 = VC)
THEN (vp = B) and (v; = FH)
To useGA for the evolution of individualsrepresentind-LC for the mobile robot, a fithessfunctionis definedby
equation(18).
f =a(number of collisions) + S(moving distance) +
v(number of rules) + §(number of fuzzy sets) + (18)
€(check points)

wherea = -3, 8 =1, v = —100, 6 = —10, and e = 500. Here,only ‘moving distance’and‘check points’ have
positve effectson the function f. Therefore therobotthatmoveslong distanceor passeshroughmary checkpoints
getshigherfitnessvalue. On the otherhand,the robot that collidesagainstthe wall or hasmary rulesandfuzzy sets

getslower fitnessvalue.

V. SIMULATION RESULTS

Experimentshave beenperformedon SUN SparcStatiorl0 machine. At the beginning of evolution, two hundred

individualsareinitialized atrandom.Cross@er andmutationoperationsareappliedwith the probabilityof 0.5and0.05,

10



respectiely. Theneachindividual is decodednto an FLC, which controlsthe Kheperamobile robotin a simulation

ernvironmentlike Fig. 11. Eachindividualis evaluatedfor five thousandsimesof sensoisampling.

S

P-

e

Fig.11. Theenvironmentusedfor evolving therobot.
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Fig. 12. Fithesschangeby generation.

Fig. 12 shawvs thefithesschangeover generationsln early generationsthefithesshasradicallyincreasedvith some
oscillation. After the 67th generationthe bestfithessdoesnot increasesignificantly On the contrary averagefitness
steadilyandcontinuouslyincreasesiseachgeneratiorpassesAlthoughwe have usedanelite preservingstratgy in the
selectionprocesq23], the bestfitnessvalue oscillatesbecausehe sensolinformationis noisy to make the simulation
morerealistic. Fromthe 64thgenerationindividualswith extremelyhigh fithessvaluestartto shav up anddisappear
Amongtheindividuals,thefirstindividual thatreacheshegoalpositionhasappearedrom the67thto 70thgenerations.
Themovementof thebestindividual is shavn in Fig. 13. Therobotcanturnright, left, andaroundeventhoughwe did
not give ary informationon the parametero the fuzzy system.

Thefuzzy rulesof thebestindividual areshavn in Tablell, andFig. 14 shavstheassociateduzzy sets.

11



Fig. 13. Trajectoryof asuccessfutobotin the simulationernvironment.
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Fig. 14. Fuzzysetsobtainedoy evolution.

VI. ANALYSIS

Therobothasimplicitly built aninternalbehaior modelof threestatesgachof which hasits own actionto survive
until it reacheshetamgetpoint.

The behaior model can be describedas shavn in Fig. 15. ‘Corridor Passing’stateis activatedwhen the firing
strengthof rule 2 is greaterthanzero. This statecontrolsthe robotwhenit is passinghroughnarrav path,‘Corridor’,
surroundedby wall onbothsides."Wall Following’ is activatedwhenthefiring strengthof rule 2 and7 aregreatetthan
zero. ‘Wall Following’ controlstherobotwhenit is in a situationwherea wall on right sideandnot on the otherside.
‘Collision Avoidance’is actvatedwhenthefiring strengthof rule 5 is greaterthanzero. This statecontrolsthe robot
whenit is confronteda obstaclan thefront.

As you canseein Tablell, the rulesobtainedby evolution produceappropriateactionsof the robot againstcorre-
spondingsensoryinformation. But to getto the goal point, the robot hasto be ableto do higherlevel behaiors such
asturning left, turning right, andturning aroundthat are not explicitly describedn the rulesin Tablell. As shavn

in Fig. 13, evenwhenthe robot confrontsthe situationswhereeachrule cannotproducethe higherbehaior, it makes

12



TABLE Il

Evolvedfuzzyrules.

Rulel: IF (dy =C) and(ds =VF) and(d; =VC)
THEN (vo =BH) and(v; =B)
Rule2: IF (ds =VF)
THEN (vo =FH) and(v; =F)
Rule3: IF (dy =VC) and(dy =F) and(d4, =C) and(d; =VC)
THEN (vo =BH) and(v; =B)
Rule4 : IF (dy =F) and(ds =F) and(dg =VC)
THEN (vo =F) and(v; =FH)
Rule5: IF (ds =VC)
THEN (vo =BH) and(v; =F)
Rule6: IF (d2 =VF) and(d4 =F) and(ds =VC)
THEN (vo =F) and(v; =FH)
Rule7: IF (dg =VF) and(d4 =F) and(d; =C)
THEN (vo =BH) and(v; =F)

appropriateactionthroughcooperatiorof the rulesusingthe behaior modeldescribedn Fig. 15. Althoughwe did
notincorporateary apriori knovledgeinto therulesthatareappropriatdor the higherlevel behaiors, the appropriate
behaiors emepge basedon the cooperatiorof the rulesin Tablell, which arevery similar to the emegentbehaiors

from thenotion of “the creationof new properties13], [14].

A. PassinghroughCorridor

Fig. 16 shavsthetrajectorief therobotwhile it is passinghroughoneof corridorsin our experimenternvironments.
A corridorcanbe curvedor straightasin Fig. 16. Fromstepl to step97, therobotis in ‘Corridor Passing’stateusing
rule 2. Fig. 17 shavs somedataobtainedwhenthe robot movesforward passingthroughthe corridor: (a) shavs the
speedf therobotwith respecto theactivationlevel of rule 2. As theactivationlevel of rule 2 increasesthe behaiors
of therobotchangefrom ‘turning left’ to ‘moving forward’ andthento ‘turning right’. ‘Turningleft’ behaior comes
whentheactivationlevel of rule 2 is lessthanor equalto 0.23because¢he speedf theright motorremainsat5 andthe
speedof the left motorremainsbelav thatof theright motorascanbeseenin Fig. 17 (a). Whenthe activationlevel is
in 0.23~0.35,two motorshave the samespeedsothattherobotmaovesforward,andwhenthe actvationis greaterthan
0.35,therobotdoesthe‘turning right’ behaior.

In Fig. 16, the robot seemgo move straightforward. This implies that the activation level of rule 2 shouldbein

13
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Fig. 15. Behavior modelof therobot.
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Fig. 16. Passingthroughcorridor: (a) Stepl (b) Step6 (c) Step14 (d) Step97.

0.23~0.35(seeFig. 17 (a)). Butascanbeseenin Fig. 17,the sensowvaluesof d, oscillatewith wide range.As aresult,
the activation level of rule 2 alsooscillatesfrom 0.025to 0.425. With theseactvation levels, the robotindeeddoes
the toggling behaiors of ‘turning left’ and‘turning right’ which in combinationleadto moving forward. Therefore,
althoughtherobotlookslike ‘moving straightforward’ behaior in Fig. 16, it actuallydoes‘turning left’ and‘turning
right’ behaiors (seeFig. 17 (d)).

In summarywhentherobotapproacheso theright wall (high d, sensowvalue— low activation level of rule 2) the
robotturnsleft, andwhenit approacheso theleft wall (low d4 sensowvalue— high activationlevel of rule 2) therobot
turnsright. With thesebehaiors, the robot movesforward. This impliesthatthe ‘Corridor Passing’statein Fig. 15
containstwo substatessin Fig. 18.

At steplin Fig. 17 (c), the activation level of rule 2 is about0.425andthe robotis in ‘“Turn Right’ state. When
therobotis in this state,it turnsright with the right motor of speed4 andthe left motor of speeds (seeFig. 17 (d)).
However, whenthe activation level of rule 2 becomedessthanor equalto 0.35like step6 in Fig. 17 (c), the robot
changests statefrom ‘Turn Right’ to ‘Turn Left’ andfinally turnsleft away from theright obstaclewith theleft speed
of 2 andtheright speedof 5. Therefore the behaiors shavn in Fig. 16 arethe resultof changingthe two substates,

‘TurnRight’ and‘Turn Left’.

B. TurningAround

Fig. 19 shaws a situationwherethe robot collidesagainsta wall sothatit cango forward no moreandshouldturn
aroundto theoppositedirection. Thisbehaior is alsoimportantfor therobotto reachthegoalposition. Duringthesteps

from 1to 61in Fig. 19, therobotusesall the statesshavn in Fig. 15. Especiallywhenthe robotreacheghe obstacle
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Fig. 17. Dataobtainedwhenthe robot passeshrougha corridor: (a) Speedaccordingto the activation of rule 2 (b) d, sensor

values(c) Rule 2 activation (d) Stepwisespeecchangeof therobot.

Rule 2 Activation Level > 0.35

Turn Right ﬁ ( Turn Left

Rule 2 Activation Level <= 0.35

Fig. 18. Stateinterlearing for thebehaiors of ‘Corridor Passing'.

wall, it mainly usesCollision Avoidance’and‘Wall Following’ states.Theformeris actvatedby theactivationof rule

5 andthelatteris activatedby the activationof rules2 and?7.

- - ’ u

I 2 1= J < P

= ( r I 9 ' & [ [ [ K’ [ [ [ |
(@) (b) (c) (d)

Fig. 19. Turningaround:(a) Stepl (b) Step31(c) Step41(d) Step61.

Fig. 20 shavs somedataobtainedwhenthe robotturnsaround:Fig. 20 (a) shavs the speedof the robotaccording
to theactwvationlevel of rule 5. As canbe seenwheneer therule 5 is actvated,therobotturnsleft. Fig. 20 (b) shavs
the sensingvaluesof the relatedsensorswvhile the robot turnsaroundfrom step1 to step100. Fig. 20 (c) shaws the
activationlevelsof relatedrules,2, 5, and7, andFig. 20 (d) shavs the speedchange®f two motorsduringthis process.

We caninfer from theradicalchange®f the sensingvaluesfrom step31to 60in Fig. 20 (b) thattherobotgetsclose
to thefront wall. Theactivation of relatedrules(Fig. 20 (c)) andspeedFig. 20 (d)) arealsochangingdramaticallyjust
like thesensingralues.Thestatechange$rom stepl to steplO0areshavnin Fig. 21. Stepsbefore31 aregovernedby

‘Corridor Passing'statewhich causegherobotto avoid colliding to left andright walls, andthe stepsrom 31to 61 are
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Fig. 20. Dataobtainedwvhentherobotturnsaround:(a) Speedaccordingo theactivationof rule 5 (b) dy, ds, andds sensowvalues
(c) Activationof relatedrules(d) Stepwisespeedthangeof therobot.

governedby ‘Collision Avoidance’and‘Wall Following’ statesvhich causethe robotto turn aroundwithout colliding
to thefront wall.

Corridor Passing Wall Following
1~30
62~100

Collision Avoidance

@ d,=VF

(2) (dy=VF) and (d,=F or d,=VF) and (d;=C)
3 dz=vC

Fig. 21. Internalstatetransitionof therobotwhenturningaround.

C. Cornering

Fig. 22 shaws a situationwherethe robotturnsa corner During the stepsfrom 1 to 90, the robot usestwo states,

‘Corridor Passing’and‘Wall Following’ (seeFig. 23). Fromstepl to 57, therobotusesall thetwo stateswhile it uses
only ‘Corridor Passing’stateafter step58.

Fig. 24 shavs somedataobtainedwhenthe robotturnsthe corner Fig. 24 (a) shavs the activation levels of related

rules,2 and7, andFig. 24 (b) shawvs the speedchange®f two motorsduring this process With the cooperatiorof the
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Fig. 24. Dataobtainedwhentherobotturnscorner:(a) Activationof relatedrules(b) Stepwisespeedchangeof therobot.

Without the cooperatiorof the two statestherobotfails to turn the corneror collidesto the corner Fig. 25 shawvs
what happensvhenthereis no cooperatiorof the two states.As canbe seentherobotcollidesto the cornerin case
of usingonly ‘Corridor Passing’state. Therefore we canasserthatthe robot hasacquiredthe ability of cooperation

amongbasisrulesduringtheevolution process.

. | - 1 1 I

< | = = i = y

|--I I --I I | —— J I | —— \J I

N 11 11
(@) (b) () (a)

Fig. 25. Corneringusing‘Corridor Passing'state:(a) Stepl (b) Step28 (c) Step68 (d) Step90.

D. Adaptive Behaviorsin DifferentErnvironments

As canbe seenin the previous sectionsthe evolved FLC cancontrol the Kheperamobile robot appropriatelyin a
givenervironment. In this section,applicationto differentervironmentsis presented.The ervironmentsaredifferent

from thetrainedernvironmentasshavn in Fig. 26.
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Fig. 26. Adaptationto new ervironments:(a) New environmentl (b) New ervironment2.

In thesenew ervironments,the robot is alsoableto reachthe goal point, which meansthat the evolved FLC has
the ability to navigate in ernvironmentsthat are differentfrom the trained. The problemsthat have the samelevel of
compleity asFig. 26 might be solved andour approachs promisingin thatthe controlleris automaticallyconstructed

throughthe adaptatiorio the ervironmentsautonomously

VII. CONCLUSION

In this paper we have analyzedhe FLC of a mobile robotevolved by a GA with a statetransitiondiagram. Theo-
retically therecanbe 228 rulesfor thereareeightinput variablesandtwo outputvariablesin a rule andfour fuzzy sets
pervariableanda toggleflag with every input variable,but the FLC finally constructeddy evolution consistsof just
sevenruleswith oneto threeinput variablesandevenmoreonly threeof themareusedto getto thegoalposition. This
indicateshattheinputvariablesareproperlyoptimized.

Therobothasobtainedoropermechanismsor severalbehaiors lik e turningleft, turningright, andturningaroundto
navigatein thecomple ernvironment.Usingonly oneruleit canperformsomeof thebehaiors while moresophisticated
behaiors canbe performedby the cooperatiorof seseral rules. The robot developsaninternalmodelfor behaiors
implicitly representedby the rules. We have usedthis modelto explain the behaiors of the mobile robotin several
situations.

It is not desirableto limit the numberof rules of the FLC, but acceptablébecauseof time and efficiengy. The
simulationresultsalso shawv that the limitation of the numberof rules of the FLC did not affect the exploration of
optimizedsolutionbecausehefinal FLC consistedf only sevenrulesandcouldcontrolthe mobilerobotappropriately

As further researchthe fitnessfunction shouldbe revisedto containmore componentsuchaswheeltorquesand
velocitiesin orderfor the robotto turn aroundwithout tumbling over in real environments. Realworld experiments
shouldbe alsodoneto supportthe simulationresults. Comparisonsrenecessaryn the performanceandadaptability

with othercornventionalmethoddor constructingnobilerobotcontrollers.
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CAPTIONLIST

Fig. 1. Mobile robot,Khepera.

Fig. 2. Positionof somepartsof therobot[17]. O LEDs. [0 Serialline (S) connectar 0 Resetbutton. [0 Jumperdor
therunningmodeselection.C] Infra-Redproximity sensorsl] Batteryrechage connectard ON-OFFbatteryswitch.
[J Secondesetbutton.

Fig. 3. Positionof the8 IR sensors.

Fig. 4. Block diagramof afuzzylogic controller

Fig. 5. Themembershigunctionsof input (a) andoutput(b) variables.

Fig. 6. Generaprocedureof GA.

Fig. 7. Fuzzysystenmtuningby GA.

Fig. 8. Encodingof FLC parameters.

Fig. 9. Encodingof membershigunction.

Fig. 10. Encodingof arule.

Fig. 11. Theernvironmentusedfor evolving therobot.

Fig. 12. Fitnesschangeby generation.

Fig. 13. Trajectoryof a successfutobotin the simulationervironment.

Fig. 14. Fuzzysetsobtainedby evolution.

Fig. 15. Behavior modelof therobot.

Fig. 16. Passingthroughcorridor: (a) Stepl (b) Step6 (c) Stepl4 (d) Step97.

Fig. 17. Dataobtainedwhentherobot passeshrougha corridor: (a) Speedaccordingto the activation of rule 2 (b) d4
sensowvalues(c) Rule 2 activation (d) Stepwisespeedhangeof therobot.

Fig. 18. Stateinterleaing for thebehaiors of ‘Corridor Passing'.

Fig. 19. Turningaround:(a) Stepl (b) Step31 (c) Step41 (d) Step61.

Fig. 20. Dataobtainedwhenthe robotturnsaround:(a) Speedaccordingto the actvation of rule 5 (b) dy, d4, andds
sensowalues(c) Activation of relatedrules(d) Stepwisespeedchangeof therobot.

Fig. 21. Internalstatetransitionof therobotwhenturningaround.

Fig. 22. Cornering:(a) Stepl (b) Step28(c) Step68 (d) Step90.

Fig. 23. Internalstatetransitionof therobotduringcornering.

Fig. 24. Dataobtainedwhenthe robotturnscorner: (a) Activation of relatedrules (b) Stepwisespeedchangeof the
robot.

Fig. 25. Corneringusing‘Corridor Passing’state:(a) Stepl (b) Step28 (c) Step68 (d) Step90.

Fig. 26. Adaptationto new ernvironments:(a) New ervironmentl (b) New ervironment2.

Tablel. Linguistic valuesandmeanings.

Table2. Evolvedfuzzyrules.
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