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Abstract

Recently, therehasbeenextensive work on the constructionof fuzzy controllersfor mobile robotsby geneticalgorithm,so

we canrealizeevolutionaryoptimizationasa 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 behaviors of the controller with a statetransitiondiagramof the internal model.

Experimentalresultsshow thatappropriatecontrolmechanismsof the fuzzy controllerareobtainedby evolution. Thecontroller

hasevolved well enoughto smoothlydrive the robot in differentenvironments.The robot producesemergentbehaviors by the

interactionof severalfuzzy rulesobtained.
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I. INTRODUCTION

ENSORbasedmobile robot control hasbeenactively andextensively studiedso far. Researchershave applied

severalmethodologiesto obtainingmoreadaptive controllersbecauseit is very importantto adaptto continuously

changingenvironments.Traditionalapproaches,driving themobile robotsafterplanningthepathwith internalrepre-

sentationof their surroundings,have the shortcomingin adaptingthemto changingenvironments.To overcomethis

problem,anapproachcalledbehavior-basedor sensor-basedmethodhasbeenproposed.This approachtakestheway

of driving a mobile robot by direct mappingbetweensensorsandmotorswithout building predefinedenvironmental

maps[1].

Fuzzy logic controllers(FLC) [2] � [12] have beenwidely usedin many applicationareasbecausethey caneasily

transformlinguistic informationandexpertknowledgeinto controlsignals.While fuzzy logic controlhasmany advan-

tagesover traditionalmethods,it hasalsosomedrawbacksat thedesignstagein that it is difficult to acquireexpert’s

knowledgeandtherearemany parametersneededto bedetermined.Thus,many researchershave appliedevolutionary

algorithmsto theconstructionof FLCsin orderto automatetheprocedureof determiningtheparameters[5] � [10].

S.-I. Lee and S.-B. Cho are with the Dept. of Computer Science, Yonsei University, Seoul 120-749, South Korea. E-mail:

cypher@candy.yonsei.ac.kr, sbcho@csai.yonsei.ac.kr.
This work wassupportedby KoreaResearchFoundationGrant(KRF 2000-005-C00012).

1



Fukuda[5] applieda geneticalgorithm(GA) in thetuningof fuzzy membershipfunctionsto acquiretheswimming

motionsof artificial fish. Beom[6] proposedasensor-basedmethodthatutilizedfuzzy logic andreinforcementlearning

for thenavigation of a mobile robot in uncertainenvironments.In this work, fuzzy rule baseswerebuilt throughthe

reinforcementlearningthat requiredsimpleevaluationdataratherthaninput-outputtraining data. Seng[7] proposed

a neuro-fuzzylogic controllerwhereall of its parameterscould be tunedsimultaneouslyby GA. Thestructureof the

controller was basedon the radial basisfunction neuralnetwork with Gaussianmembershipfunctions. They used

a flexible position coding strategy of the neuro-fuzzylogic controller parametersto obtain nearoptimal solutions.

Lim [8] suggesteda paradigmfor learningfuzzy rulesusingGA. They formulatedtheir problemasfollows: Givena

setof linguistic valuesthat characterizethe input andoutputstatevariablesof the systemin consideration,derive an� -rule fuzzy control algorithm. They appliedit to a classicalinvertedpendulumcontrol problemto demonstratethe

effectivenessof the GA learningscheme.Izumi [10] proposeda methodto constructa fuzzy behavior-basedcontrol

systemwhen the robot cannotoften receive any information from sensorsby applying a virus evolutionary genetic

algorithmwith species[11] to generatingthefuzzy rules.

The previous works show that theFLC parameterscanbe tunedto produceappropriateFLC rules,the shapesand

centersof fuzzymembershipfunctionsby GA. Nonetheless,it is still necessaryto revealthecontrolmechanismsof the

FLC controllerfinally obtainedby evolution soasto understandhow thecontrollerworksfor therobot.

In evolutionary biology and artificial life fields, therehasbeenan implicit agreementthat a complex and self-

organizedsystemshows emergent behaviors [13] � [16]. Generally, emergencecanbe understoodas a processthat

leadsto the appearanceof structurenot directly describedby definingconstraintand instantaneousforcesto control

a system. Thereareseveral definitionson the terminologyof emergence. MorganandEmmechedefinedit as “the

creationof new properties”in 1923[13], [14]. Baastried to defineit moreformally in amathematicalform [15].

In this paper, we have constructedtheFLC whoseinternalparametersaretunedby GA to control thesensor-based

mobile robot. In order to do this, we have representedthe FLC parameters,the fuzzy setsandrulesof the FLC, in

geneticcodes.Wehaveanalyzedtheevolvedcontrolmechanismto show thatthebehaviors of themobilerobotemerge

from theinteractionamongseveralprimitive rules.

II. KHEPERA: MOBILE ROBOT

Khepera(seeFig. 1) wasoriginally designedfor researchandteachingin theframework of aSwissResearchPriority

Program. It allows confrontationto the real world of algorithmsdevelopedin simulation for trajectoryexecution,

obstacleavoidance,pre-processingof sensoryinformation,andhypothesistestonbehavior processing.

A Kheperarobothastwo wheels.A DC motorcoupledwith thewheelthrougha 25:1 reductiongearmovesevery

wheel.An incrementalencoderis placedon themotoraxisandgives24pulsesperrevolutionof themotor. Thisallows

a resolutionof 600pulsesperrevolution of thewheelthatcorrespondsto 12 pulsespermillimeter of pathof therobot.

The motor controllercanbe usedin two control modes:speedandpositionmodes. The active control modeis set
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Fig. 1. Mobile robot,Khepera.
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Fig. 2. Positionof somepartsof therobot[17]. ➀ LEDs. ➁ Serialline (S) connector. ➂ Resetbutton.➃ Jumpersfor therunning

modeselection.➄ Infra-Redproximity sensors.➅ Batteryrechargeconnector. ➆ ON-OFFbatteryswitch. ➇ Secondreset

button.

accordingto thekind of commandreceived. If thecontrollerreceivesa positioncontrol command,thecontrol mode

is automaticallyswitchedto thepositionmode. Usedin speedmode,the controllerhasasinput a speedvalueof the

wheels,andcontrolsthemotor to keepthis wheelspeed.The speedmodificationis madeasquick aspossible,in an

abruptway. No limitation in accelerationis consideredin thismode.Eight infraredproximity sensorsareplacedaround

therobotandarepositionedandnumberedasshown in Fig. 3. Thesesensorsembedaninfraredemitteranda receiver.

This sensordeviceallows two measures:� Thenormalambientlight. This measureis madeusingonly thereceiver partof thedevice, without emitting light

with theemitter. A new measurementis madeevery 20ms.During the20ms,thesensorsarereadin a sequential

wayevery 2.5ms.Thevaluereturnedatagiventime is theresultof thelastmeasurementmade.� The light reflectedby obstacles.This measureis madeemitting light usingthe emitterpart of the device. The

returnedvalueis thedifferencebetweenthemeasurementmadeemittinglight andthelight measuredwithout light

emission(ambientlight). A new measurementis madeevery2.5ms.Thevaluereturnedatagiventimeis theresult

of thelastmeasurementmade.

III. FUZZY LOGIC CONTROLLER

The basicstructureof a fuzzy logic controllerconsistsof threeconceptualcomponents:fuzzificationof the input-

output variables,a rule basewhich containsa set of fuzzy rules, and a reasoningmechanismwhich performsthe

inferenceprocedureon therulesandgivenfactsto derive a reasonableoutput.An exampleof a fuzzy inferencesystem
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Fig. 3. Positionof the8 IR sensors.
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Fig. 4. Block diagramof a fuzzy logic controller.

A. FuzzySets

Navigationof a mobile robot in uncertainenvironmentsrequiresavoiding obstacles.In orderto reacha destination

point without colliding into obstacles,a mobile robot shouldtake sensoryinformationaboutobstaclesinto account.

OurFLC usesthesensoryinformationof eightproximity sensorsasinputsandcontrolsthespeedof thetwo motorson

Khepera.

Let

������������������������ �

, be input linguistic variablesdefinedin theuniverseof discourse!�" �$# �������&%('*)
to represent

thevalueof the
�
th proximity sensorof Kheperarobot.A fuzzy set + �

on

 �

is definedasfollows:+ � �-,/.&0�13234657
 �98�: 
 �
(1)

Theintegrationsign in equation(1) standsfor theunionof
57
�����1 234 57
�� 8�8

pairs,andthey do not indicatesummationor

integration.Similarly, “/” is only amarker anddoesnot imply division.

In thesameway, let ; � ���<�=�����
, beoutputlinguistic variablesdefinedin theuniverseof discourse!�> �?# � ����� @A���B)

to representthespeedof the
�
th motorof Kheperarobot,anda fuzzyset C � on ; � is definedasfollows:C � � , .�D 13E�465 ; �F8�: ; � (2)

The input linguistic variable

 �

andoutputlinguistic variable ; � areexpressedby linguistic values(VF, F, C, VC) and

(BH, B, F, FH) respectively. Thelinguistic valueshave themeaningsasin tableI.

Themembershipfunctionsof + �
and C � areall in a triangularform definedby equation(3).
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TABLE I

Linguisticvaluesandmeanings.

Terms Meaning Terms Meaning

VF Very Far BH BackwardHigh

F Far B Backward

C Close F Forward

VC Very Close FH ForwardHigh

triangle
5HG3�6IJ�LKM�6N 8 �POQI�GSRTOU� � R G � IK � I � N � GN � KWV �6� V (3)

wheretheparametersX IJ�LK*�6N*Y with
I[ZPK\Z]N

determinethe
G

coordinatesof thethreecornersof theunderlyingtrian-

gularmembershipfunction.To reducethecomputationalcomplexity, somerestrictionsareappliedto eachmembership

functionasin thefollowing equations(seealsoFig. 5).1 " 47^ E3_ 57
 �98 �
triangle

57���6���LKa` 4" 4 81 " 4b^ _ 57
�� 8 �
triangle

57���LKa` 4" 4 �LKac 4" 4 81 " 49^ d 57
 �98 �
triangle

5bK ` 4" 4 �LK c 4" 4 �����&%(' 81 " 4b^ EWd 57
 �98 �
triangle

5bK c 4" 4 �����&%('e�����&%(' 81 > 47^ fWgh5 ; �b8 �
triangle

5 � ����� � �����LK i 4> 4 81 > 47^ fj5 ; �b8 �
triangle

5 � �����LK i 4> 4 �LK " 4> 4 81 > 47^ _k5 ; �b8 �
triangle

5bKai 4> 4 �LK " 4> 4 � @l��� 81 > 4b^ _Wgm5 ; �b8 �
triangle

5bK " 4> 4 � @A����� @A��� 8
(4)

where
�nZ]K ` 4" 4 ZPK c 4" 4 Zo���&%('

and � ���nZPK i 4> 4 ZPK " 4> 4 Zp@A���
.
K ` 4" 4 and

K c 4" 4 aretwo of
Kaq" 4 �Lrn�=���������s�Lt

, evenly distributed

in the universeof discourse!u" , while
K i 4> 4 andb" 4> 4 aretwo of

Kaq> 4 �Lrv�w�����������Lt
, evenly distributed in the universeof

discourse!�> .
B. FuzzyRuleBase

Generally, ahumanexpertcanconstructtherulebaseof anFLC basedon their experience.However, whenit comes

to morecomplex work, it is difficult to tunetherulebasewith only onhumanexpertise.To overcomethisdifficulty, we

have useda geneticalgorithmasanautomaticway to optimizetherule base.Therule basefor theFLC consistsof the

rulesof IF-THEN statementsasfollows.x\y
: IF (


 y � + yy ) and z�z�z and(

e{j� + y{

)

THEN ( ; y � C yy
) and( ;e| � C y| )
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Fig. 5. Themembershipfunctionsof input (a)andoutput(b) variables.

...x��
: IF (


 y � + �y
) and z�z�z and(


 { � + �{
)

THEN ( ; y � C �y ) and( ; | � C �| )
...x��k� | : IF (


 y � + �k� |y ) and z�z�z and(

 { � + �j� |{

)

THEN ( ; y � C �j� |y ) and( ; | � C �j� || )

where
x��

denotesthe � th rule. Also, + ��
and C ��

, � ���������������s�6� � �
, arethefuzzy setsdefinedon


 �
and ; � in the

universeof discourse!�" and ! > respectively. Here,
�

denotesthenumberof the rulesin FLC. The � th rule canbe

representedasa fuzzy relationdefinedby equation(5).x ����5 + �yU� + � | � + �� � + �� � + �� � + �� � + �� � + �{ 8� 5 C �y � C �| 8 (5)

where� denotesfuzzyrelation.Therulebasefor thebehaviorsof mobilerobotcanberepresentedasunionasfollows:x �$� �j� |��(� y x �s�
� � �j� |��(� y 5 + �yU� + � | � z�z�z � + �{ 8 � 5 C �y � C �| 8B�
� � �j� |��(� y�� 5 + �yU� + � | � z�z�z � + �{ 8 � C �y �M5 + �yU� + � | � z�z�z � + �{ 8 � C �|�� � (6)�$� �j� |��(� y x C �y � �j� |��(� y x C �| ��� X x C y � x C�| Y

where
x

consistsof two subrule bases
x C y and

x C | whichcontrolthespeedof mobilerobot.Eachrule baseconsists

of
�

rules,eachof whichcanberepresentedby a fuzzy relationin theproductspaceexpressedby equation(7).!u" � !�" � !�" � !u" � !�" � !�" � !u" � !u" � !s> (7)
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This fuzzyrelationcanbeimplementedwith eachcorrespondingmembershipfunctiondefinedby equations(8) and(9).13�JE3�  57
 y �6
 | �6
 � �6
 � �6
 � �6
 � �6
 � �6
 { � ; y 8�-¡¢5H132u�  57
 y 8 � z�z�z ��132u�£ 57
 {�8 ��13E3�  5 ; y 8�8 (8)

13�JE3�¤ 57
 y �6
 | �6
 � �6
 � �6
 � �6
 � �6
 � �6
 { � ; | 8�-¡¢5H132u�  57
 y 8 � z�z�z ��132u�£ 57
 {�8 ��13E3�¤ 5 ; | 8�8 (9)

C. FuzzyReasoning

Let + ��
and + �B¥�

bethefuzzysetsdefinedon

 �

in theuniverseof discourse!u" and C �y � C �| � C �B¥y
and C �*¥| bethefuzzy

setsdefinedon ; y and ; | in theuniverseof discourse!�> respectively. To control theactionsof mobilerobot, C � ¥y
andC � ¥| shouldbeinferredfrom + �� � + � ¥� � C �y

and C �| . The � th rule
x¦�

canbetransformedinto a fuzzy relationbasedon

Mamdani’s fuzzy implicationfunction[18] asshown in thefollowing equations.x C �y 5 + �y � z�z�z � + �{ � C �y 8 �§5 + �y¨� z�z�z � + �{ 8 � C �y� ,/. 0B©«ª¬ª¬ª­© . 0B© . D 132u�  57
 y 8�® z�z�z ® 132u�£ 57
 {�8W® 13EW�  5 ; y 8�: 57
 y � z�z�z �6
 { � ; y 8 (10)

x C �| 5 + �y � z�z�z � + �{ � C �| 8 �§5 + �y � z�z�z � + �{ 8 � C �|� , .&0 ©«ª¬ª¬ª­© .&0 © .�D�132u�  57
 y 8�® z�z�z ® 132u�£ 57
 {�8W® 13EW�¤ 5 ; | 8�: 57
 y � z�z�z �6
 { � ; | 8 (11)

Basedon Zadeh’s compositionalruleof inference[19], Cm¯y and C°¯| areexpressedas

C ¯y �§5 + � ¥y � z�z�z � + � ¥{ 83± �k� |���� y 5 + �y � z�z�z � + �{ � C �y 8
�§5 + � ¥y?� z�z�z � + � ¥{ 83± �k� |���� y x C �y (12)

C ¯| �§5 + � ¥y � z�z�z � + � ¥{ 83± �k� |���� y 5 + �y � z�z�z � + �{ � C �| 8
�§5 + � ¥y � z�z�z � + � ¥{ 83± �k� |���� y x C �| (13)
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where
±

denotesthe maximum-minimumcomposition. The resulting C°¯y and C�¯| are expressedas in the following

equations. 1 E ¥  � �j� |��(� y<² "   ^ ª¬ª¬ª ^ " £�³µ´ 1 2 � ¥  57
 y 8�® z�z�z ® 1 2 � ¥£ 57
 {�8F¶j® ´ 132 �  57
 y 8W® z�z�z ® 132 �£ 57
 {�8W® 13E �  5 ; y 8F¶J·� �j� |��(� y<² "   ^ ª¬ª¬ª ^ " £ ³�´ 1 2 � ¥  57
 y 8W® z�z�z ® 1 2 � ¥£ 57
 {�8W® 132u�  57
 y 8W® z�z�z ® 132u�£ 57
 {�8 ¶¸· ® 13E��  5 ; y 8� �j� |��(� y ³ ² "   ´ 1 2u� ¥  57
 y 8W® 132u�  57
 y 8 ¶J·¹ º�» ¼½   ® z�z�z ® ³ ² " £ ´ 1 2u� ¥£ 57
 {�8W® 132u�£ 57
 {�8 ¶¸·¹ º¾» ¼½ £ ® 13E��  5 ; y 8
� �j� |��(� y 57¿ yÀ® z�z�z ® ¿�{ 8¹ º¾» ¼Á�Â�Ã¬Ä¾Å�ÆÈÇHÂ�É9Ä¾Å�ÇHÊ ® 1 E �  5 ; yM8

(14)

Similarly,
1 E ¥¤ is definedas 1 E ¥¤ � �k� |���� y 5H¿ y ® z�z�z ® ¿ {�8¹ º¾» ¼Á�ÂHÃ¬ÄaÅuÆ�Ç�ÂHÉ9Ä¾Å�Ç�Ê ® 13E��¤ 5 ; | 8 (15)

where
®

denotestheminimumoperationand
¿ �

is themaximaof themembershipfunctionsof + ��ÌË + � ¥�
.

D. Defuzzification

Defuzzificationrefersto the way Í; y and Í; | areextractedfrom a fuzzy setasrepresentative values. Among many

defuzzificationmethods[18], [20] � [22], thecenterof gravity methodis usedbecauseit is widely usedandalsoappro-

priatefor oursystemto controlthemobilerobot.Í; y �wÎ >   1 >   5 ; yM8 ; y 
 ; yÎ >   1 >   5 ; yM8 
 ; y (16)

Í; | � Î > ¤ 1 > ¤ 5 ;e| 8 ;Ï| 
 ;e|Î > ¤ 1 > ¤ 5 ;e| 8 
 ;e| (17)

IV. EVOLUTION OF FLC PARAMETERS

A geneticalgorithm(GA) is asearchtechniquebasedonthemechanicsof naturalselectionandnaturalgenetics[23].

This combinessurvival of thefittestamongstringstructureswith a structuredyet randomizedinformationexchangeto

form a searchalgorithmwith someof the innovative flair of humansearch.In every generation,a new setof strings

is createdusing bits and piecesof the fittest of the old; an occasionalnew part is tried for good measure.While

randomized,geneticalgorithmsarenosimplerandomwalk. They efficiently exploit historicalinformationto speculate

on new searchpointswith expectedimprovedperformance.Thegeneralprocedureof GA is shown in Fig. 6.

At first, a populationof individualsthatencodecandidatesolutionsto givenproblemis initialized at random.Each

individual in thepopulationis evaluatedin theproblemathandandchangedby geneticoperationssuchascrossoverand

mutationto reproduceanew population.Thisprocessgoesonuntil asatisfactoryindividual appearsin thepopulation.
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Fig. 6. Generalprocedureof GA.

Thewholeprocessof tuningFLC parametersusingGA is depictedin Fig. 7. Thecodeof anindividual representing

the parametersof FLC is appliedto the Kheperarobot in the environmentto measurethe fitness. After someperiod

of time, eachindividual FLC is givena fitnessvalueaccordingto its performancein a givendomain.The individuals

with higherfitnessareselectedandgo throughgeneticoperationsto producethe next populationof individuals. In

theexampleof Fig. 7, the1st,2nd,5th, and7th individualsareselectedbecausethey have higherfitnessvaluesthan

the others. This whole processcontinuesuntil a controller showing good performancein driving the robot in the

environmentis found.

Crossover

×

Mutation

Ø

Low
 High

Ù

Fitness


Fuzzy

Ú
System


Fig. 7. Fuzzysystemtuningby GA.

Therearetwo parametersthatshouldbedeterminedto runGA: how to encodetheFLC parametersin genecodeand

how to estimatethefitnessvalueof eachindividual. For theFLC parameters,eightinputvariables,two outputvariables,

andmaximallytenrulesareencodedasshown in Fig. 8.

8 INPUTS

Û

2 OUTPUTS

Ü

10 RULES


Fig. 8. Encodingof FLC parameters.

Sixty bits arerequiredto encodeall the fuzzy setsdefinedon all the input-outputvariablesbecauseonly two of the

four fuzzy setsof a variableneedto beencoded(seeequation(4)) andonly six bits arerequiredto encodetwo fuzzy

sets(seeFig. 9).
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Eachrule haseight input variables,

 y �������3�6
 {

, andtwo outputvariables,; y and ; | . Threebits representeachinput

variable.Two of them(whitecellsin Fig.10)areusedfor codingoneof thefour fuzzysets,VF (00),F (01),C (10),and

VC (11). Thelastoneis atogglebit. Thevariablehaving thetogglebit 1 participatesin theconditionalpartin thefuzzy

rule. In outputvariables,thetwo bitsof eachvariableareusedfor codingoneof thefour fuzzysets,BH (00),B (01),F

(10),FH (11). Thereareno toggleflagsbecauseall theoutputvariablesshouldappearin consequentpart. Finally, the

lastbit in Fig. 10 designateswhetherthis rule participatesin fuzzy inferenceprocessor not. Therefore,Fig. 10 canbe

decodedasfollows: â�ã 57
 y �Pä ã 8Wå(æ/ç 57
 | � ã 8så(æ/ç 57
 � �oè 8Wå(æ«ç 57
 { �]ä¦è 8éëê¦ì�í 5 ; y �pî 8Wå(æ/ç 5 ; | � ã ê 8
To useGA for the evolution of individualsrepresentingFLC for the mobile robot, a fitnessfunction is definedby

equation(18). ¡U��ï�5 æeð/ñÌòôó�õ�ö(÷uø¾ö&ùúùúûÈü6ûýö&æ/ü�8 @ÿþ�5 ñ�ö���ûúæ���ç/ûúü��6å(æ«ø¾ó*8 @
� 5 æeð/ñÌò¸ó�õ�ö(÷�õLð/ùýó�üL8 @��e5 æeð/ñmòôó�õuö(÷�÷Hð�	
	
�hü�ó
�6üa8 @
� 5 ø�
Tó�ø����ôö&ûúæ��6üL8 (18)

where
ï � � 'e�<þ � ��� � � � ���(����� � � ����� å(æ/ç � �����(�

. Here,only ‘moving distance’and‘checkpoints’ have

positive effectson thefunction
¡

. Therefore,therobot thatmoveslong distanceor passesthroughmany checkpoints

getshigherfitnessvalue. On theotherhand,the robot that collidesagainstthewall or hasmany rulesandfuzzy sets

getslower fitnessvalue.

V. SIMULATION RESULTS

Experimentshave beenperformedon SUN SparcStation10 machine.At the beginning of evolution, two hundred

individualsareinitializedatrandom.Crossoverandmutationoperationsareappliedwith theprobabilityof 0.5and0.05,
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respectively. Theneachindividual is decodedinto an FLC, which controlstheKheperamobile robot in a simulation

environmentlike Fig. 11. Eachindividual is evaluatedfor five thousandstimesof sensorsampling.

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

Fig. 12shows thefitnesschangeover generations.In earlygenerations,thefitnesshasradicallyincreasedwith some

oscillation. After the67thgeneration,thebestfitnessdoesnot increasesignificantly. On thecontrary, averagefitness

steadilyandcontinuouslyincreasesaseachgenerationpasses.Althoughwehaveusedanelitepreservingstrategy in the

selectionprocess[23], thebestfitnessvalueoscillatesbecausethesensorinformationis noisy to make thesimulation

morerealistic.Fromthe64thgeneration,individualswith extremelyhigh fitnessvaluestartto show up anddisappear.

Amongtheindividuals,thefirst individual thatreachesthegoalpositionhasappearedfrom the67thto 70thgenerations.

Themovementof thebestindividual is shown in Fig. 13. Therobotcanturn right, left, andaroundeventhoughwe did

notgive any informationon theparametersto thefuzzysystem.

Thefuzzy rulesof thebestindividual areshown in TableII, andFig. 14 shows theassociatedfuzzysets.
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Fig. 13. Trajectoryof asuccessfulrobotin thesimulationenvironment.
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Fig. 14. Fuzzysetsobtainedby evolution.

VI. ANALYSIS

Therobothasimplicitly built aninternalbehavior modelof threestates,eachof which hasits own actionto survive

until it reachesthetargetpoint.

The behavior model can be describedas shown in Fig. 15. ‘Corridor Passing’stateis activatedwhen the firing

strengthof rule 2 is greaterthanzero.This statecontrolstherobotwhenit is passingthroughnarrow path,‘Corridor’,

surroundedby wall onbothsides.‘Wall Following’ is activatedwhenthefiring strengthsof rule2 and7 aregreaterthan

zero. ‘Wall Following’ controlstherobotwhenit is in a situationwherea wall on right sideandnot on theotherside.

‘Collision Avoidance’is activatedwhenthefiring strengthof rule 5 is greaterthanzero. This statecontrolsthe robot

whenit is confrontedaobstaclein thefront.

As you canseein TableII, the rulesobtainedby evolution produceappropriateactionsof the robot againstcorre-

spondingsensoryinformation. But to get to thegoalpoint, the robothasto beableto do higher-level behaviors such

asturning left, turning right, andturning aroundthat arenot explicitly describedin the rules in TableII. As shown

in Fig. 13, evenwhentherobotconfrontsthesituationswhereeachrule cannotproducethehigherbehavior, it makes
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TABLE II

Evolvedfuzzy rules.

Rule1 : IF (

 � �

C) and(

 � �

VF) and(

 { �

VC)

THEN ( ; y �
BH) and( ;e| �

B)

Rule2 : IF (

 � �

VF)

THEN ( ; y �
FH) and( ; | �

F)

Rule3 : IF (

 | �

VC) and(

 � �

F) and(

 � �

C) and(

 { �

VC)

THEN ( ; y �
BH) and( ; | �

B)

Rule4 : IF (

 � �

F) and(

 � �

F) and(

 � �

VC)

THEN ( ; y �
F) and( ; | �

FH)

Rule5 : IF (

 � �

VC)

THEN ( ; y �
BH) and( ;e| �

F)

Rule6 : IF (

 � �

VF) and(

 � �

F) and(

 � �

VC)

THEN ( ; y �
F) and( ; | �

FH)

Rule7 : IF (

 y �

VF) and(

 � �

F) and(

 � �

C)

THEN ( ; y �
BH) and( ; | �

F)

appropriateactionthroughcooperationof the rulesusingthe behavior modeldescribedin Fig. 15. Although we did

not incorporateany apriori knowledgeinto therulesthatareappropriatefor thehigher-level behaviors, theappropriate

behaviors emerge basedon thecooperationof the rulesin TableII, which arevery similar to theemergentbehaviors

from thenotionof “the creationof new properties”[13], [14].

A. PassingthroughCorridor

Fig.16showsthetrajectoriesof therobotwhile it is passingthroughoneof corridorsin ourexperimentenvironments.

A corridorcanbecurvedor straightasin Fig. 16. Fromstep1 to step97, therobot is in ‘Corridor Passing’stateusing

rule 2. Fig. 17 shows somedataobtainedwhentherobot movesforwardpassingthroughthecorridor: (a) shows the

speedof therobotwith respectto theactivationlevel of rule2. As theactivationlevel of rule2 increases,thebehaviors

of therobotchangefrom ‘turning left’ to ‘moving forward’ andthento ‘turning right’. ‘Turningleft’ behavior comes

whentheactivationlevel of rule2 is lessthanor equalto 0.23becausethespeedof theright motorremainsat5 andthe

speedof theleft motorremainsbelow thatof theright motorascanbeseenin Fig. 17 (a). Whentheactivation level is

in 0.23% 0.35,two motorshave thesamespeedsothattherobotmovesforward,andwhentheactivationis greaterthan

0.35,therobotdoesthe‘turning right’ behavior.

In Fig. 16, the robot seemsto move straightforward. This implies that the activation level of rule 2 shouldbe in
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Fig. 15. Behavior modelof therobot.

(a)
 (b)
 (c)
 (d)


Fig. 16. Passingthroughcorridor: (a)Step1 (b) Step6 (c) Step14 (d) Step97.

0.23% 0.35(seeFig. 17(a)). But ascanbeseenin Fig. 17,thesensorvaluesof

 � oscillatewith widerange.As aresult,

the activation level of rule 2 alsooscillatesfrom 0.025to 0.425. With theseactivation levels, the robot indeeddoes

the togglingbehaviors of ‘turning left’ and‘turning right’ which in combinationleadto moving forward. Therefore,

althoughtherobot lookslike ‘moving straightforward’ behavior in Fig. 16, it actuallydoes‘turning left’ and‘turning

right’ behaviors (seeFig. 17 (d)).

In summary, whentherobotapproachesto theright wall (high

 � sensorvalue � low activation level of rule 2) the

robotturnsleft, andwhenit approachesto theleft wall (low

 � sensorvalue � highactivationlevel of rule2) therobot

turnsright. With thesebehaviors, the robot movesforward. This implies that the ‘Corridor Passing’statein Fig. 15

containstwo substatesasin Fig. 18.

At step1 in Fig. 17 (c), the activation level of rule 2 is about0.425andthe robot is in ‘Turn Right’ state. When

the robot is in this state,it turnsright with the right motorof speed4 andthe left motorof speed5 (seeFig. 17 (d)).

However, whenthe activation level of rule 2 becomeslessthanor equalto 0.35 like step6 in Fig. 17 (c), the robot

changesits statefrom ‘TurnRight’ to ‘Turn Left’ andfinally turnsleft away from theright obstaclewith theleft speed

of 2 andthe right speedof 5. Therefore,thebehaviors shown in Fig. 16 arethe resultof changingthe two substates,

‘TurnRight’ and‘TurnLeft’.

B. TurningAround

Fig. 19 shows a situationwherethe robotcollidesagainsta wall so that it cango forwardno moreandshouldturn

aroundto theoppositedirection.Thisbehavior is alsoimportantfor therobotto reachthegoalposition.Duringthesteps

from 1 to 61 in Fig. 19, therobotusesall thestatesshown in Fig. 15. Especiallywhentherobot reachestheobstacle
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Fig. 17. Dataobtainedwhenthe robot passesthrougha corridor: (a) Speedaccordingto the activation of rule 2 (b) ?�@ sensor

values(c) Rule2 activation(d) Stepwisespeedchangeof therobot.

Rule 2 Activation Level > 0.35


Rule 2 Activation Level <= 0.35


Turn Right
 Turn Left


Fig. 18. Stateinterleaving for thebehaviorsof ‘Corridor Passing’.

wall, it mainlyuses‘Collision Avoidance’and‘Wall Following’ states.Theformeris activatedby theactivationof rule

5 andthelatteris activatedby theactivationof rules2 and7.

(a)

A

(b)

A

(c)

A

(d)

A

Fig. 19. Turningaround:(a)Step1 (b) Step31 (c) Step41 (d) Step61.

Fig. 20 shows somedataobtainedwhentherobot turnsaround:Fig. 20 (a) shows thespeedof the robotaccording

to theactivation level of rule 5. As canbeseen,whenever therule 5 is activated,therobotturnsleft. Fig. 20 (b) shows

the sensingvaluesof the relatedsensorswhile the robot turnsaroundfrom step1 to step100. Fig. 20 (c) shows the

activationlevelsof relatedrules,2, 5, and7, andFig. 20(d) shows thespeedchangesof two motorsduringthisprocess.

Wecaninfer from theradicalchangesof thesensingvaluesfrom step31 to 60 in Fig. 20 (b) thattherobotgetsclose

to thefront wall. Theactivationof relatedrules(Fig. 20 (c)) andspeed(Fig. 20 (d)) arealsochangingdramaticallyjust

like thesensingvalues.Thestatechangesfrom step1 to step100areshown in Fig. 21. Stepsbefore31aregovernedby

‘Corridor Passing’statewhichcausestherobotto avoid colliding to left andright walls,andthestepsfrom 31 to 61are
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governedby ‘Collision Avoidance’and‘Wall Following’ stateswhich causetherobotto turn aroundwithout colliding

to thefront wall.
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Fig. 21. Internalstatetransitionof therobotwhenturningaround.

C. Cornering

Fig. 22 shows a situationwherethe robot turnsa corner. During thestepsfrom 1 to 90, the robot usestwo states,

‘Corridor Passing’and‘Wall Following’ (seeFig. 23). Fromstep1 to 57, therobotusesall thetwo states,while it uses

only ‘Corridor Passing’stateafterstep58.

Fig. 24 shows somedataobtainedwhentherobot turnsthecorner. Fig. 24 (a) shows theactivation levelsof related

rules,2 and7, andFig. 24 (b) shows thespeedchangesof two motorsduringthis process.With thecooperationof the
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Without thecooperationof the two states,the robot fails to turn thecorneror collidesto thecorner. Fig. 25 shows

whathappenswhenthereis no cooperationof the two states.As canbeseen,the robotcollidesto thecornerin case

of usingonly ‘Corridor Passing’state.Therefore,we canassertthat the robothasacquiredtheability of cooperation

amongbasisrulesduringtheevolution process.

(a)

r

(b)

r

(c)

r

(d)

r

Fig. 25. Corneringusing‘Corridor Passing’state:(a)Step1 (b) Step28 (c) Step68 (d) Step90.

D. Adaptive Behaviors in DifferentEnvironments

As canbe seenin theprevious sections,theevolved FLC cancontrol the Kheperamobile robot appropriatelyin a

givenenvironment. In this section,applicationto differentenvironmentsis presented.Theenvironmentsaredifferent

from thetrainedenvironmentasshown in Fig. 26.
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(a)
 (b)


Fig. 26. Adaptationto new environments:(a)New environment1 (b) New environment2.

In thesenew environments,the robot is alsoable to reachthe goal point, which meansthat the evolved FLC has

the ability to navigate in environmentsthat aredifferent from the trained. The problemsthat have the samelevel of

complexity asFig. 26might besolvedandourapproachis promisingin thatthecontrolleris automaticallyconstructed

throughtheadaptationto theenvironmentsautonomously.

VII. CONCLUSION

In this paper, we have analyzedtheFLC of a mobile robotevolved by a GA with a statetransitiondiagram.Theo-

retically therecanbe
% ��s

rulesfor thereareeight input variablesandtwo outputvariablesin a rule andfour fuzzy sets

per variableanda toggleflag with every input variable,but the FLC finally constructedby evolution consistsof just

sevenruleswith oneto threeinput variablesandevenmoreonly threeof themareusedto getto thegoalposition.This

indicatesthattheinput variablesareproperlyoptimized.

Therobothasobtainedpropermechanismsfor severalbehaviors like turningleft, turningright, andturningaroundto

navigatein thecomplex environment.Usingonly oneruleit canperformsomeof thebehaviorswhile moresophisticated

behaviors canbe performedby the cooperationof several rules. The robot developsan internalmodel for behaviors

implicitly representedby the rules. We have usedthis modelto explain the behaviors of the mobile robot in several

situations.

It is not desirableto limit the numberof rules of the FLC, but acceptablebecauseof time and efficiency. The

simulationresultsalsoshow that the limitation of the numberof rules of the FLC did not affect the explorationof

optimizedsolutionbecausethefinal FLC consistedof only sevenrulesandcouldcontrolthemobilerobotappropriately.

As further research,the fitnessfunction shouldbe revisedto containmorecomponentssuchaswheel torquesand

velocitiesin orderfor the robot to turn aroundwithout tumbling over in real environments.Realworld experiments

shouldbealsodoneto supportthesimulationresults.Comparisonsarenecessaryon theperformanceandadaptability

with otherconventionalmethodsfor constructingmobilerobotcontrollers.

18



References

[1] R. Brooks, “A robust layeredcontrolsystemfor a mobile robot,” IEEE Transactionson RoboticsandAutomaton, vol. 2, no. 1, pp. 14-23,

1986.

[2] L. A. Zadeh,“Fuzzy sets,” InformationandControl, vol. 8, pp.338-353,1965.

[3] J.S.R. Jang,C. T. Sun,andE. Mizutani, Neuro-FuzzyandSoftComputing, Prentice-Hall,1997.

[4] P. J.King andE. H. Mamdani,“The applicationof fuzzycontrolsystemto industrialprocess,” Automatica, vol. 13,pp.235-242,1977.

[5] T. Fukuda,A. Kawamoto,andK. Shimojima,“Acquisitionof swimmingmotionby RBF fuzzyneurowith unsupervisedlearning,” Proceed-

ingsof the1995InternationalWorkshoponBiologically InspiredEvolutionarySystems, pp.118-123,1995.

[6] H. R. BeomandH. S.Cho, “A sensor-basednavigationfor amobilerobotusingfuzzy logic andreinforcementlearning,” IEEETransactions

onSystems,Man,andCybernetics, vol. 25,no.3, pp.464-477,1995.

[7] T. L. Seng,M. B. Khalid, andR. Yusof, “Tuningof a neuro-fuzzycontrollerby geneticalgorithm,” IEEE Transactionson Systems,Man,

andCybernetics-Part b: Cybernetics, vol. 29,no.2, pp.226-236,1999.

[8] M. H. Lim, S.Rahardja,andB. W. Gwee,“A GA paradigmfor learningfuzzy rules,” FuzzySetsandSystems, vol. 82,pp.177-186,1996.

[9] S.-B.ChoandS.-I.Lee, “Mobile robotlearningby evolutionof fuzzycontroller,” Journalof IntelligentandFuzzySystems, vol. 6, pp.91-97,

1997.

[10] K. Izumi, K. Watanabe,T. Miyazaki, “Fuzzy behavior-basedcontrol for a miniaturemobile robot,” Proceesingsof Knowledge-Based

ElectronicSystems, vol. 3, pp.483-490,1998.

[11] K. Watanabe,T. Miyazaki,K. Izumi, “V irusevolutionarygeneticalgorithmwith species,” Proceesingsof the96thSICEAnnualConference,

vol. 1, pp.447-448,1997.

[12] C. C. Lee, “Fuzzy logic in controlsystems: Fuzzylogic controller, part2,” IEEETransactionsonSystems,Man,andCybernetics, vol. 20,

no.2, pp.419-435,1990.

[13] C. L. Morgan,EmergentEvolution, Williams andNorgate,1923.

[14] C. Emmeche,S. Koppe,andF. Stjernfelt, “Explaining emergence:Towardsan ontologyof levels,” Journal for General Philosophyof

Science, vol. 28,pp.83-119,1997.

[15] N. A. Baas,“Emergence,hierarchies,andhyperstructures,” Artificial Life 3, pp.515-537,1992.

[16] J.P. Crutchfield,“Is anything new?,” Sciencesof Complexity tvu
t , Addision-Wesley, 1994.

[17] K-Team,Khepera SimulatorVersion5.02UserManual, 1999.

[18] E. H. MamdaniandS.Assilian,“An experimentin linguisticsynthesiswith afuzzylogic controller,” InternationalJournalof Man-Machine

Studies, vol. 7, no.1, pp.1-13,1975.

[19] L. A. Zadeh,“Outline of anew approachto theanalysisof complex systemsanddecisionprocesses,” IEEETransactionsonSystems,Man,

andCybernetics, vol. 3, no.1, pp.28-44,1973.

[20] N. Pfluger, J.Yen,andR. Langari, “A defuzzificationstrategy for a fuzzy logic controlleremploying prohibitive informationin command

formulation,” Proceedingsof IEEEInternationalConferenceonFuzzySystems, pp.717-723,1992.

[21] M. SugenoandG. T. Kang, “Structureidentificationof fuzzy model,” FuzzySetsandSystems, vol. 28,1994.

[22] R. R. YagerandD. P. Filev, “A simpleadaptive defuzzificationmethod,” IEEE Transactionson FuzzySystems, vol. 1, no. 1, pp. 69-78,

1993.

[23] D. E. Goldberg, GeneticAlgorithmsin Search, Optimizationw MachineLearning, AddisonWesley, 1989.

19



CAPTION LIST

Fig. 1. Mobile robot,Khepera.

Fig. 2. Positionof somepartsof therobot[17]. ➀ LEDs. ➁ Serialline (S) connector. ➂ Resetbutton. ➃ Jumpersfor

therunningmodeselection.➄ Infra-Redproximity sensors.➅ Batteryrechargeconnector. ➆ ON-OFFbatteryswitch.

➇ Secondresetbutton.

Fig. 3. Positionof the8 IR sensors.

Fig. 4. Block diagramof a fuzzy logic controller.

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

Fig. 6. Generalprocedureof GA.

Fig. 7. Fuzzysystemtuningby GA.

Fig. 8. Encodingof FLC parameters.

Fig. 9. Encodingof membershipfunction.

Fig. 10. Encodingof a rule.

Fig. 11. Theenvironmentusedfor evolving therobot.

Fig. 12. Fitnesschangeby generation.

Fig. 13. Trajectoryof asuccessfulrobotin thesimulationenvironment.

Fig. 14. Fuzzysetsobtainedby evolution.

Fig. 15. Behavior modelof therobot.

Fig. 16. Passingthroughcorridor: (a) Step1 (b) Step6 (c) Step14(d) Step97.

Fig. 17. Dataobtainedwhentherobotpassesthrougha corridor: (a) Speedaccordingto theactivationof rule 2 (b)

 �

sensorvalues(c) Rule2 activation(d) Stepwisespeedchangeof therobot.

Fig. 18. Stateinterleaving for thebehaviors of ‘Corridor Passing’.

Fig. 19. Turningaround:(a)Step1 (b) Step31 (c) Step41(d) Step61.

Fig. 20. Dataobtainedwhentherobot turnsaround:(a) Speedaccordingto theactivationof rule 5 (b)

 y

,

 � , and


 �
sensorvalues(c) Activationof relatedrules(d) Stepwisespeedchangeof therobot.

Fig. 21. Internalstatetransitionof therobotwhenturningaround.

Fig. 22. Cornering:(a) Step1 (b) Step28(c) Step68 (d) Step90.

Fig. 23. Internalstatetransitionof therobotduringcornering.

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

robot.

Fig. 25. Corneringusing‘Corridor Passing’state:(a)Step1 (b) Step28 (c) Step68(d) Step90.

Fig. 26. Adaptationto new environments:(a) New environment1 (b) New environment2.

Table1. Linguisticvaluesandmeanings.

Table2. Evolvedfuzzy rules.
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