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Chapterl

Introduction

1.1 Background

1.1.1 KnowledgeAcquisitionfromData

Nowadays,SCieIltists aIl(1englIICerS arC WCll(_二OnC(汀Iled witllCOmplexsystems.These

SyStemShavemulti-dimensionality,hierarchicalstructures,InutualiIlteraCtionsbetweeII

Variables,iIlternalfeedbackIIleChaIlisIIIS,and/oruIlI)redictabledynarnics.Itisdi伍cult

tocomprehendsuchsystemsonlywithIIleChaIlical/physicalInOdels.AparadigInShift
frommodeliIlgbasedonfirst-prlnCiI)1(一tOIIlO(1eliIlgfroIIldatahasbeeIluIlderway[1]･

Thefirst-PrillCipleisabasicapproach,OIIWhicl=nO(1erIISCienceaIldeIlglneerlIlghas

beendevelope(1.TllisaI)prOaChstartswitllal)aSicscientificInO(1el,e.g.NewtoIl'slaws

OfmcchaIlicsorMaxwcll'stlleOryOfcle(:trOIIlagnetiHIIl,alldtheIlbuilds11Ⅰ)0IltlleIIIVari-

OuSaI)pli(:atioIISin(mglneerlIlg.ⅠIltlleaCtualapI)1i(:atioIIS,110W(一Vertlle11nderlvingfirst

I)rillCipl()SarCOft(ラ11uIlkllOWIl()rth(,tal･gOtHySt(一IIIH,for(?ⅩaInplc,Ⅰ)11ySical,bioIoglCal,

aIld/orso(:ialsyst(一ⅠIIS,ar()tOO(:0ⅠIlI)1(一XtOl)(一InatheIIlaticallyd(一H(:ril)(〕(1.Witho11tfirst-

PriIICipleIIIO(1els,Wehavet)eCllrequll･(一(1to(:OIIStruCtlllO(1cIsfroIIl(lata.TllaIlkstotllC

rapiddeveloI)mCIltOf(:0Inptlter/seIIli(:On(111CtOrtC(てIIIlOlogies,datacollcctioIlaIldstor-

agefroInSuChsystemshavel)eCOmCCaSy.Tll11S,IllO(lelingfroIIISuChrea(1ilyavailablc

datafbrdescribingunkIIOWIliIlput-Outl)utdeI)endenciesoftargetsystemsiscurreIltly

attractingmuchattentioIl.

CommoIlmOdeliIlgPrOCedurefroIIldatacaIll)eS11ⅠIlInarizedas

Stepl:Problem StatementandHypothesisFormulation First,a PrObleIIlis

1
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Sl)(一Cifie〔1iIlaPartic111arr(一S(一ar(て11fiel(1･Ncxt,SOIIle hypotheses are forIlllllate(1

toH()1vctll(一1)rOl)1(一Ill･Forca(:hofth(一hyl)Oth()S(一H,aSetOfillI)11tVarial)l(一Sall(1

O11tl)11tVaria･l)1(一SarCSl)CCific(-1･MoHt(-1ataIIlO(1cliIlgStu(1i(一日arC(二arric(1olltilla

SI)()CificapI)1icatioIl(loIIla･ill･TllCrefore,tlleInO(1elerInuStiIlVOlve(∋Ⅹp(一rtSOfthe

aI)Ⅰ)1icatioIlforInCaIllIlgfulproblern stateIIICIlt aIld forappropriate hypothesis

丘)rmulation.

Step2:ExperimentDesignandDataCollection ThenextstepisdesignlIlgeX-

Ⅰ)eriIneIltfollowedbycollectingdata･IfthemodelcrcancontrolallofthelnPut

Variablcs,the experimeIlt desigIlis
easy･Ifthisis not thecase,the dataare

(:011ectcdfroIna(1atabasc･ThetrainlIlg(1ata,WithwhichtheⅢ10delwilll)eiden-

tified,aIl(1tllefut11rCdata,Whichareus(∋(l払rthepredictioIl,ⅠIluSt(:0Ⅲ1efrorn

thesam(一l)OI)ulati()IlaIl(lthro11ghth("aIn(!SaIIlI)1ing(1istribution.Otherwisc,

theprcdictivcac(:11raCyOfth(一Ol)taiIle(11山0〔lcIwouldl)epOOr･

Step3‥DataPreprocessing ThissteplSeXeC11te(1toremov(ラO11tliersaIl(1toscl(?Ct

iIlformative features.Most of outliers are due to
errorsin the measuremeIlt.

However,themodelershouldbecircumspectiIlremOVlngOutliersbecausesome

OftheoutliersInayrepreSentiIlput-OutPutdependencies･Anyhow,theoutliers

largelyaffetthcstructureaIldtheparametersoftheobtainedmodel.Afterthe

Outlier reIIlOVal,a SInallIluInl)er Ofhat11reS ar(ラSelectcd out froIn the multidi_

IIleIISioIlaldata.Goo(1featuIでSelectioIleIlablesidentification ofa coIICise aIld

accurateIIlO(-1clinthcncxtsteI)･ThesuccessofthewholeprocedureisgeIlerally

duetogoodpreproc(溺111gOfdata･IIlVOlvingknowledgeandexperienceofthe

applicationexpcrtsisiIldispeIISableforrcasoIlal)1eprcprocesslIlg･

Step4:ModelIdentification ThcllyPOthcses,forIIlulatediIIStcpl,arequantified.

TlleStruCturCaIl(lthcI)araIIl(血1･SOfInOdelarci(l(ntifie(1uslIlgtll(?traiIllngdata･

TllemaiIlgOaloftllisst(〕Ⅰ)istoachievchighpredictiv()aC(二一1raCy.However,the

interpretabilityoftheIIlOdelsho111(1becoIISideredtodrawclearcoIIClusioIlillthe

next step.

Step5･InterpretationoftheModelandDrawingConclusions Thepredictive

IIlOdelis usually11tilizcdfordecision makingbyhuman･Therebre,aIlinter-

PrCtat)1e mo(lel,Withwllich thclnPut-OutPut dependencics
areclearly showll,
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necdstot)eid(一Iltifie(1.How(一Ver,tllepredictiveacc11raCyaIl(1tll(1iIlterPrCtat)ilitv

arc(:011tra(1ictoryillg(一Ileral,i.(?.al)re(1ictiv(さaC(:tlrat(†ⅠI10(1clistlSuallvcoIIll)1(1X

t)11tallint(里)r(血l)1(?ⅠIl()(l(一111aStOl)(ラSiIIll)1(1.

TllrOughouttllCWholel)rOCedurc,PrOPeI･lltilizatioIlOfcxpertH'kllOWIcdgc/cxI)Cricncc

isIleCeSSarybrdataII10(1clillgStu(1ics.ModeliIlgIIletho(1sofiIIPut-OutPutdepcndeIICies

fromdatallaVebeentra(1itionally(一XI)1ore(1insuchdiversefiel(1sasm111tivariateregres-

SioIl,ClassificatioIl,PatterllreCOgIlitioIl,knowIcdgeacquisitioll,aIldIIlaChiIlelearnlIlg.

ReceIltilltereStinlearIllIlgfrorn datahasresultediIlthe(1evelopmelltOfbiologlCally

motivatc(1methodologleS,SuChasartificialneuralIletWOrksandfuzzysysteIIIS.These

IIletllOdsutilizemultiplel)aSisfuIICtioIISfbrlIlput-OutPutmapI)1Ilg.Eachofthebasis

fullCtioIISis
siInple.CoInt)inatiollOfthese

basis fuIl(:tions
enat)les toInOdel(:Omplex

SySt(?ⅠIIH.

TllCbasisfuIICtioIISOffuuyIIIO(lclarccalle(1ⅠIl()ⅠIll)(†1･Hllil)f1111CtioIIS.ThcIIlmIlt)er-

ShiI)fuIICtioIISgraIlulatccolltilluOuSValues,alldllaSlal)(,1H.Th(†111Ⅰ)11t-OutI)utmaPI)1Ilg

CaIlbe(1escribedwithf11ZZyif-tllCIlr111csuslIlgthelabcIs.ThisdiscrctccxpressioIlis

COmpatiblewithsmoothinterpolatioIlbetweentherules.Theoutputofeachfuzzyrule

isiIlterPOlated with the outI)11tS OfneighboriIlgrules
byfuzzyinference.B(ラCauSe

Of

llighiIlterpretabilityoff11ZZyInO(lelthatiscompatiblewitllth(?aCCuraCy,thispaperis

tostudyfuzzymodeliIlgfortheIIlOdeliIlgfrom(1ata.

1.1.2 FuzzyModeling

F-1uyloglCWaSOrlglIlallyIIlOtivat()(1l)ythc(1csiretosidesteI)th(一rlgi(1itvofthctradi-

tiollalbooIcaIlloglC,1nWllicllaIlyStateIIlelltWaSeithertru(†Orfalsc.F11uVIoglCallows

d(?greeOftrlltllf11111eSSthatIll()aSur(一HtOWhatcxtcIltaglVellOl)j(?Ctl)el()IlgStOafuuy

sct.Acolltill-1O-1Sf11ZZySet(1iIlguisticvarial)1(,)⊥4issl)eCifie(~ll)ythefuzzyIIICIIlbershiI)

fuIICtion/LA(:r)thatgiv(一Sl)artialdcgreeofmeIIlbershiI)()fallObjectxiIl▲4.

∬∈芽っ什4‥Ⅹ→[0,1],

∫→(0,1)

in contrast to

inthebooleaIlloglC.

(1.1)

(1.2)
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ThclIll)11t-()utI)ut rClatioIIHhips arcdescril)ed with aset off11ZZyrules uslngfuzzy

H(〕tS･Tll(一i-thrul(ラ,inth(一(二aS()OfMdiIneIISionalIIlultivariateiIlI)11tSX=(J;l,‥･,:r^[)

a"lsiIlgl(?Outl)uty,hasaliIl糾1isticcxpressioIl:

Rulci‥IF(xlisAi)AND(:r2isAら)･･･AND(J;MisA㍍),THENyisBi.(1.3)

where鶴(m=1･･･M)aIldBiaref11ZZySetSfortheiIlI)utXmaIldtheoutpllt,reSPeC-
tivcly.TlleaIlteCCdentpartisalsoexpressedas

IF諾isA7, (1.4)

WllCrCAl=(jllフAら,…,A㌫)･Figurel.1(a)showsaIICXaInI)1eofmembershipfunctions

forIllCdl)yInultipl(ラSigIIlOi(-1f1111CtioIIS･Figurel.1(l))sllOWSaIICXaIIlplewithsiIlgletoIIS.

Th(一Se fuzzy sets ar(〕(~1eslgIl(一(lwithh11ⅠIlaIl's
aprioγ-ikIlOWle(lgeor(?StiIIlat(!(lwitlla

stat,isticalInCthod.

(a)sigInOidfuIICtions (b)singletoIIS

Figurel.1:McmbershipFllIICtioIIS

TheactivatioIIValueoftll(一f11ZZyruleisglVeIlbythepro(1-1CtOfIIl(∋ⅠIlbershipgradcs,

佑(諾)=什4i(∬1)･〃Aら(∬2)…/JA㍍(旦M)･ (1･5)

AIlOtheriIlferellCCInetho(l11tilizcsIIliIlOperatioIlinsteadoftllePrOductoperation･

TheoutputfuzzysetiIlthcconsequeIltCanbereplacedbyalincarfunction.This

rIlO(1el,kIIOWnaSTakagi-S11geIlO-KaIlgfuzzymodel[2],isglVeniIlthefollowIIlgbrIn:

Rulei:IFxisA富THENyisg(x), (1.6)
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Wh(,reg(x)isaIla伍Il(ラfu11Ctioll･SoIn(一tiI11eS9(x)isasingl(豆0Il.Thcillh(ラIl(‥eIIlethod

witllSillgl(?t()IISiIltll(一COllSequ(血iH(:all(一(1.qimpliPedjhzzyir#7Tm(:(I[:$].Tll(一ru1eisgivcll
l)y

Rul(7j:IFxisA'LTHENylSyi,

∂= ∑彗佑(諾)肌
∑讐佑(諾)

aIldthemodeloutput少is

(1.7)

(1.8)

TllemOStdistinguishillgadvaIltageOffuzzymodelisitshighillterPretabilitycompat-

iblewithsrIlOOthiIlterPOlatiIlgCaPal)ility.TheIIlOdelisinterpretablewiththediscrete

exI)reSSioIlOfrules.Theoutputof(一aChfuzzyr111eisiIlterPOlate(1withtheoutI)11tSOf

neighboriIlgrulesbytheabovefuzxyiIlferencc.

TllellicrarcllicalfuzzyIIlOdclillgIIICtllO(lprol)OSe(ll)VNakavaInaeial･[!t]usesInulti-

Ⅰ)1cfuzzyIIlOd(一1sassub-InOd(､1s.Tllishicra･rChi(:alfllZZyI110(lelisal)l)1ical)1(†tOSySteIIIS

WithIIlanylIlI)utVariables.

Figurel.2shows an cxaIIlple ofllierarcllicalfuzzyIIl()(lel,Which coIISists ofthrcc

fuzzymodelsin atwolayered hierarchicalstructure.Thefigure shows acasewhere

Figurcl.2:AhicrarchicalfuzzyIllO(1cl

theInOdelhas5diInenSioIlaliIIPutS
X=(xL,J;2,:I:3,J:!l,J;6)aIl(1siIlgleoutputy.IIl

figurel･2,y(1,1)*,y(l,2)*aIldy*ar(一tllCinferre(1valu(一SOfthcfuzzysub-mOdcIs･ⅠIl

tllefirstlayer,tlleSul)-mO(lelSM(1,1)isthefuzzymo(1elwithtlleilll)tltSX2andx:i.
The

other
fuzzy

modelwith:rlaIl〔1:I;fiarCliIle(1iIlI)arallcl.Tlle OutPutS Ofthcsc

mod(一1sar(一〃(l,l)*alldy(l,2)*,reSl)eCtively･TlleSetWOfuzzysut)-ⅠIlO(1()1sinthefirst
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1ay(?rgrCatly coIltrit)ute tO thelnput-011tP11t relationships ofthe system.TlleiIlI)11t

Varial)1(一こr/lisuse(1bvthcf11uySut)-mOdeliIlthesccon(11ayer.ThislnPutisllS(?(1for

asIIlalladj11StIn(mtOftheIIl()dcl.

Th(一i(1(〕11tificationofahierarchicalf11ZZyInOdelistocarryoutthefollowln酢:

1.deterrninationofahicrarchicalstructureofsub-rnOdels,

2･SClectioIlOfinputvariablesofeachsub-InOdelfromcaIldi(latevariables,

3.divisionofinputspaceofeachsub-rIlOdel,

4.(1etermillationoffuzzyiIlhr(!IICeInethod,

5.tuniIlgOfIneInbershipfunctions.

Asuital)1cfuzzyiIlfereIICCInCtho(~1shouldb(〕adoptc(1referrlIlgtOthetyI)(〕OfinI)ut

all(loutputvariat)1cs,thelllP11t-011tl)utdependeIICies,aIldrequircd払rmofknowle(lg(,

thatwillbeac(1ulre(1.AI)PlicationsI)eCificknowl(〕dgeis helpfultoselcct thes11itable

inference method.

ThefuzzymodeliIlgmethodwasfirstproposedbyTakagi,SugenoandKang[2,5]

Inpuトoutp11tIlOIllinearrelatioIIShipsweremadepossibletobedescribedwitlldiscrete

fuzzyrulesbytheirInetho〔1.However,this modeliIlgInethod teIldstofallintolocal

IIlillima
t)eCauS(ラOfitsiIICrCIIleIltalmo(leling

procedure.ThisIIlethodincrcas(?S th(?

IlumbcrofiIlI)11tVariablesortheIlumberofmembershipfuIICtiollSOIlebyoIletOfiIl(l

OutagOOdiIlI)11tSpaC(∋(1ivisioIl.

Horikawaetal･[(3,7]proI)OSCdfuzzyIleuralnetworkbrtuIllIlgOfmemt)erShipfuIIC-

tioIIS･ThisIIletho(1utilizes thc t)aCk-PrOI)agatioIlalgorithm to tuIlefuzzy r111(ラSaIld

thcIIl(一ⅠIlbersllipfuIICtioIIS.T()Ot)taiIlaIlaCCurateaIl(1iIlterPretablefuzzyInOd(†1,tlle

IluInl)erOfIneIIlbersllipfunctionsaIl(1(てOarSeallocatioIIOfmeIIlbershipfuIICtiollSm11St

l)edetermiIICdbeforetll(1back-PrOPagationlearIllIlg.

Karretal･[8]proposedacoIIlbinatioIIOffuzzylogicandgeneticalgoritllm(GA).Tlle

geneticalgorithrnwasappliedtotunlIlgOfmembershipfuIICtioIISOfafuzzycontroller

froInglVeIllIIPut-OutputpalrSOfdata.

Fukuda et al･[9]proposedanapplicationofgeneticalgoritllmtOidentificationof

hierarchicalstructureoffuzzymodel･ThisreducestheprobabilitybeiIlgtrappediIltO

localIIliniI11a.
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Matsushitaetal･[10,11]appliedgeIleticalgorithmtoinputvariableselectionofeach

sub-mOdeland to determinatioIlOfthe hierarchicalstructure.This methodis very

effectiveinthecasewherethesystemhasastrongIlOnlinearityandmanycandidates

fortheinputvariables.However,thisprocedurehasthefollowlngdifhculties:

●Membershipfunctionsareallocatedevenlyontheuniverseofdiscourseofeach

lnputVariable.Thisoftenmakesthenumberofmembershipfunctionsexcessive.

●Tree-typedivisionofinputspace,Withwhichthenumberoffuzzyrulesbecomes

probablysmaller,isnotapplicable.

●Chromosomesare evaluatedunderafitnessfunction thatisaweightedsumof

thepredictiveaccuracyandameasureofconcisenessofmodel.Anappropriate

setofweightsshouldbefoundoutbytrialanderror.

1.1.3 Biomechanics

Humanbodyis acomplexmechanicalsystem.Biomechanics,WhoseorlglnSareme-

chanicsandanatomy,hastriedtodescribe,analyze,andassesshumans'motion.Major

interestsofbiomechanicshavebeenfocusedonhumans'locomotion,1.e.howahuman

movesutilizinghis/herbody･Thefastestandthemostpopularlocomotions,Withuse

ofvehiclespoweredbyhuman body,are CyClingonland and rowlngOnWater.The

cyclingmotionis also the most e伍cientlocomotion amongthoseever払und bythe

creatures on earth.

Forbiomechanicsofthewholebodymotion,theNewton'slawsofmechanicsarethe

Prstprinc4plemodels.TherearethreekindsofIneChanicalmodelsofthehumanbody‥

CenterofBodyMassModelThismodelconsidersoIlly thecenterofbodymass

asaparticle.ItiseffectiveiftherelationshipbetweeIlthejumpheightandthe

groundreactionforceisstudiedorifthepositionsofsoccerplayersarediscussed,

forexample.Motionsoflimbscannotbedescribedbythismodel.

LinkSegmentModelThis modelassumes that the human body consists several

(usually,uptO15)rigidsegments,1inkedbythejoints･Manypositionandangle

parametersaremeasurable.Detailedinformation,SuChasbrce,tOrqueandpower

ateachjoint,iscalculatedbyinversedynamics.Thismodelise鮎ctivetodiscuss
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howthebodypartscoordinatetocompleteataskthatrequlreSthewholebody.

Thismodeldoesnotconsidereff6ctofco-COntraCtionetc.,thisIleglects払rceby

antagonistInuSCle,Whichyieldsa鮎wperceIlterrOr･

MusculoskeletalModelThisis toIIlOdelthelluIIlaIlbody exactly,Which has206

bonesandabout700muscles.Accuratedescription,analysISandassessmeIltare

POSSiblewiththismodel.

OneofmaJOrreaSOnSOfthedi伍cultyofdescribinghuInanS'InOtionwithmechanical

modelsisthenatureofmusclecontraction･Hill[12]investigatedtheforceandthespeed

ofmusclecontraction.TherelationshiplSinverselyproportional,i.e.musclepulls
a

lightloadatahighspeedandaheavyloadatalowspeed･Musclegrouphasthesame

nature.Asthepowerproducedbymuscleistheproductofthe払rceandthespeed,

thereexistsanoptimalspeedtoproducemaximalmusclepower.

Human body utilizesleverage to match the angular velocity aroundjoint
to the

optimalspeed.Fbrexample,baseballpitchersthrowtheball,Whichweighsonly125g,

keeplng the elbowJOint straight.The straight
arm enlarges the distancefrom the

rotatingaxistotheball.Ontheotherhand,ShotputthrowersbendtheelbowJOint

and shorten the distance froIn the rotating axis to the shot.Another exampleis a

sprinter.A sprinter crouches at the start oflOOm race･The velocity ofthe body

massiszeroatthestartingposition.Thecrouchingstartmakesthehipnearertothe

ground.Thatmakesiteasiertoproducealargebrce(i.e･1argeacceleration)atalow

speed.Afterthestart,thesprinterdoesnotneedthelargeaccelerationbutthehigh

speed,SOthehipJOiIltiskeptashighaspossible.

TheseexamplesaresimpleconsideratiollSOfaslIlgleleverage.HumaIlbodycoIISists

ofparallelaIldserialcombinatioIISOfleverages.ExactdescriptioIlOfhumanbodywith

amechanicalmodelis too di伍cult.AIlOther nature thatInuSCle group has asprlng

factor,andaphenomenonthataJOiIltmOVeSautOInaticallywhenanotherJOintInOVeS

are other reasons why the description,analysis and assessInent Ofhuman
body are

di伍cultonlywithamechanicalmodel.

Cyclists utilize theirlowerlimbs and rowcrs utilize the whole
body to propelthe

vehicleand the bodyitself.Thesemotionsarecomplicated motioIIS.A textbookof

sportsbiomechanicswrittenbyHay[13】mentionedthecomplexityofthecyclingmotion･

ThebllowlnglSquOtedfromthetextbook:
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Considertheactionofoneofthecyclist,sleg･Herethereareatleastthree

SimultaneousrotatioIIStakingplace･First,thereistherotatioIlOfhisthigh

aboutanaxisthroughhishipjoint(whichisitselftranslatiIlg).Thenthere
istherotationofhislegabouthiskneeJOint,andfinallythereistherotation

Ofhisfootabouthisanklejoint･Ascanprobablybeimaglned,aStudyof

thecombinedmotionsoftheelementswithinsuchasystemcanbecome

quitecomplex.

Theaboveparagraphconsidersalink-SegmentmOdelofalowerlimb,Whichconsists

Ofthreesegments･Inthecaseofrowers,theyutilizethetrunkandthearmsaswell

asthelowerlimbs･Themotionbecomesmorecomplex･Thedatafromthesekindsof

humanmotionshavemulti-dimensionalityandmutualinteraction.

Someresearchers[14,15,16,17,18]havemeasuredkineticandkiIlematicalvariablesbr

analysesofcyclingandrowlng･However,thesestudies(1idnotgoaIlyfurtherthan

depictingthe
measureddata･Interpretationofthedatahas relied mainly oIlthe

intuition(orsometimessupertuition)oftheresearchersandthecoaches.

Theuseofstatisticalmethodsforestimatinglnpuトoutputdependenciesiseffective

tocomprehendsuchcomplexsystems･Recentlystatisticalestim?tingmethodslike

crossvalidation[19]anddiscriminantanalysis[20]areutilizedforbiomechanicalfeatures

Ofrowers･Artificialneuralnetworkshavestartedtobeappliedtobiomechanicsin

theseyears?tOO･NeuralnetworksareusedtodescribeiIlput-OutputmapPlngbetween

trainlngVOlume,SkillsandthesportsperforInaIICe[21,22]

But,aIlyStudythatappliesafuzzymodeltobiomechanicshasnotbeenfound.SiIICe

thefinalgoalofthemotionanalysesinthisfieldistoassistathletesforimprovlngtheir

performaIICeS,thefuzzymodelingthatextractsinterpretableillbrmationfromthedata

ispromisiIlg.

1･2 Purposeofthe Study

ThepurposeofthisstudyistodevelopaIle伍cientandeffectivefuzzymodelingmethod

andbreaknewgroundfordescribinghumans)locomotionwithfuzzyrules･Forthis

purpose,thisdissertationproposesanewidentificatioIlmethodforsub-mOdelsofhi-

erarchicalfuzzymodelsusingthegeneticalgorithm(GA).TheGAdeterminesacom-
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binatioIlOfinputvariables･ForautomaticlnPutSPaCedivision,thispaperproposes

twomethods･Oneisbasedongrid-tyPedivisionandtheotherontree-typedivisioIl.

TheI)rOpOSedgrid-typedivisionInethodallocatesmembershipfuIICtionsuIleVeIllyon

theuIliverseofdiscoursebyinserting/deletingmembershipfunctions.Thism｡th｡d

PrObablydecreasesthenumberofmembershipfunctiollWithoutlossofthepredictive

accuracy･Theproposedtree-typedivisionmethodrepeatsdividingasubspaceintoa

tree-tyPeStruCture,aIldconstructamodelwithasmallernumberoffuzzyrulesthan

thegrid-typedoes.

Thisdissertationproposesanewmethod払rfuzzyrnodelingutilizingmultipleob-

jectivegeneticalgorithmthatisabletoobtaincompromislngSOlutions払rconflicting

multipleobjectives.

ThehierarchicalfuzzymodelinglSCff6ctive払ridentifyingsysteIIISWithstrongnoIト

1inearityandmanylIIPutVariables･Biomechanicaldataofathletescontainnonlinearity

Withmanyvariables･ThisthesisappliestheproposedrnethodtodescriptionofcycliIlg

androwlngmOtions,andrevealsnonlinearrelationshipsbetweenvariablesandthe

performance.

1･3 CompositionofthisDissertation

ThisdissertationpresentssolutionstomainissuesoffuzzyInOdeling･Theissuesof

fuzzyrnodelingarelnputVariableselectioIlandinputspacedivisionoftheantecedeIlt

part.

Themethodsofinputspacedivisionareproposedinchapter2･Theproposedgrid-

typedivisionmethodinsertsanewmembershipfunctionaIlddeletesneedlessmem-

bershipfunctions･Numericalexperimentsshowthattheproposedmethodobtains

morecoIICisemodelsthantheiIISert-OnlyInethodandthedelete-OnlyInethoddo.The

PrOpOSedtree-tyPedivisionmethoddividestheinputspaccincrementallyunderthe

Criterionofmodelerror･Anumericalexperimentshowsthattheconcisenessoffuzzy

modelswiththegrid-typedivisionobtainsasmallernumberoffuzzyrulesthanthe

treeqtypedivisiondoesforthesamepredictiveaccuracylevel.

EvaluationcriteriaoffuzzyInOdelsdeterminethequalityoftheobtainedmodel.

Twoencodingmethodsareproposedforthestructureidentificationofthesub-mOdels

utilizingmultiple-Objectivegeneticalgorith.m(MOGA).TheMOGAgenerateswid｡
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VarietyofInOdelcandidateswithParetooptimality･

Chapter3presentsapplicatioIlOfhierarchicalfuzzymodelingtobiomechanicaldata

Ofcyclists･HumaIlmuSCuloskelctalsysteIIliscomplicated･Ithasbeenhardtocom-

prehendsuchcomplexmotionsascyclingwithamechanicalInOdel･Therelationships

betweenforcepatternsofpedalingandtlleOutputPOWerareanalyzedwiththeiden-

tifiedfuzzymodel.

Chapter4presentsapplicationsofhierarchicalfuzzymodelingtobiomechanicsof

rowers･Motionofrowersismorecomplexthanthatofcyclistsbecausetheyutilizethe

trunkandthearmsaswellasthelegs･Inaddition,theyarenotonsolidroad,butoIl

fluidwater･Forcepatternsofrowlngareanalyzedinsection4･2･Poweranditstimlng

OfpartialmotionsofrowersareanalyzediIISeCtion4･3･Hierarchicalfuzzymodeling

methodisutilizedtoclarifytheinput-Outputdependenciesan(1toextractadvicehr

the athletes.
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Chapter2

FuzzyModelingUsingGenetic

Algorithm

2.1 Introduction

Fuzzymodel[2]isoneofthestatisticalmodelstoestimateinput-Outputdependencies.

Themost distinctive advantageoffuzzy modelinglSitsinterpretabilitydue to the

discreteexpressionofeachofbasisfunctions･Thefuzzyinfbrenceinterpolatessmoothly

theoutputofeachbasisfunctionwiththoseofIleighboringbasisfunctions.Thediscrete

expressionandthesmoothinterpolatingcapabilityarecoInPatibleinthefuzzyInOdel･

ThehierarchicalfuzzymodelingmethoduslnggeneticalgorithmproposedbyMat-

sushitaelal･【11]isagoodtooltoconstructiIlterpretablefuzzymodelsofnoIllinear

multi-inputsystems･ItiseasyfromtheacquiredfuzzyInOdeltoextractfuzzyif-theIl

rulesthatdescribethelnput-Outputrelationshipsofthetargetsysterns･However,aS

SummarizediIll･1･2,thismetllOdhasthefollowiIlgdi伍culties:(1)EveIlallocationof

membershipfunctionsoftenresultsinexcessivenumberofInembershipfunctions;(2)

Thedivisionmethodofinputspaceislimitedonlytogrid-tyPedivisioIl;(3)Weighted

suInOfevaluated values need trialand error.

This chapter presents a new hierarchicalfuzzy
modeling method that solves the

abovedi伍culties･ForflexibleallocationofmembershipfuIICtionsandhighdegreeof

freedomforlnputSPaCedivision)Onlythecombinationofinputvariablesisencoded

tochromosomes･Twomethodsarepresentedin thischapterfordivisionofthein-

put space･Oneis to divide theinput spaceinto grid and the otheris to obtain a

13
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tree-typedivision.Theproposedgrid-typedivisionmethodcanidentifyfuzzymodels

withunevenallocationofmembershipfunctions.NumericalexperimeIltSShow(1)the

proposedgrid-typedivisionmethodobtainsmorecoIICiseInOdelsthantheconveIltional

methodsdoand(2)thetree-typedivisionmethodobtaiIISmOreCOnCisemodelsthan
thegrid-typedivisionmethoddoes･

To avoid the trialand error for setting the weights
on the evaluation

functions,

multiple-Objectivegeneticalgorithm(MOGA)isiIltrOducedtothemodelingprocess･
TwoencodingmethodsfortheMOGAarepresented･Numericalexperimentsshowthat

theapplicationofMOGAwiththeproposedencodingmethodscangeneratevarious

candidatemodelson the Paretofront.

2.2 Conventionalhierarchicalfuzzymodelingmethod

Themainflowofhierarchicalfuzzymodelingmethodin[11】isshowninFigure2･1(a)･

Sub-mOdelsinahierarchicalfuzzymodelareidentifiedonebyoneuslnggenetical-

gorithmasshowninFigure2･1(b)･Firstofall,thefirstsub-mOdelinthefirstlayer

(SM(1-1)inFigurel･2)isidentified･Chromosomesrepresentingcombinationsofinput

variablesandnumberofmembershipfunctionsforeachinputvariablesaregenerated･

AnexampleofchromosomeisshowninFigure2･2･Throughgeneticoperations,Se-

1ection,CrOSSOVer,mutation)agOOdsub-mOdelisidentified･Next)thesecondmodel

(SM(1-2))thatcompensatestheerrorofthefirstmodelisidentifiedinthesamelayer

inthecasewheretwoormorecandidatevariablesareremainlng,nOtuSedasanlnPut

ofthefirstsub-mOdel.SomeoftheremainlngVariableswouldbeselected･Thethird,

the fourth and
more models areidentified untilthe number ofremainlng Variables

becomes twoorless.

Fuzzymodelinglnthenextlayerisdoneuslngtheoutputsofsub-mOdelsiIlthe

previouslayer･Theoutputofthefirstmodelintheprevio11Slayerisalwaysused･A

combinationofthisoutputandsomeofthecandidatesischosenastllelnputSOfthe

firstmodelofthisIleWlayer･Thecandidatesaretheoutputsoftheothermodelsin

thepreviouslayerandtheremainlngVariablesthathavenotbeenusedinthefuzzy

modelingofthepreviouslayerQrlowerlayers･Thewholehierarchicalfuzzymodel

isevaluatedunder the predictiveaccuracyofthemodel･Ifthe evaluationvalueis

improvlng,mOrelayersareidentified･
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ThehierarchicalmodelingprocessinFigure2.1(a)issummarizedasfollows:

1.Theinput-OutPut datais dividediIltO tWO grOupS A aIld B!Whose statistical

Characteristicsarenearlythesame･Themodelidentifiedfromtlledataofgroup

Aisca11edmodelA.TheIlumberoflayerhissetatl.

2･Asub-mOdelisidentifieduslnggenticalgorithm.Theflowofthisstepisshown

inFigure2.1(b).Theidentifiedmodelisdenotedbymodelh-1anditsoutputis

denotedbyyh-1*･Themodelh-kmeansthek-thmodelintheh-thlayer･

3.IfthenumberofremainlnglnPutVariablesnotusedinthemodelh-1ismorethan

two)anOthermodelisidentifieduslnggeneticalgorithm･Someoftheremainlng

VariableswouldbeselectedasthelnputSOfmodelh-2.Ifmorevariablesremain,

modelh-3willthen beidentified.ThisInOdelinglS repeated untilthe number

OfremainlnglnputVariablesbecomeslessthantwo.Themodelh-1wi11beused

fortheidentificationoftheInOdelsinthesucceedinglayer.Theoutputsofthe

modelh-2,-3,…Willbethecandidatesbrtheinputvariablesofthemodelsin

thenextlayer.

4.Fuzzymodelinginthenextlayerisdoneuslngtheoutputsofsub-mOdelsidenti-

fiedinthepreviouslayer.Theoutputofmodelh-1isalwaysused.Acombination

ofthisoutputyh-1*andsomeoftheoutputsofmodelsh-2,-3,･･･aSWellasthe

lnput Variablesnot usedinmodelh-1ischosenbygenetic algorithm.Theac-

quiredmodelisdenotedby(h+1)-1.

5･Themodelsh-1and(h+1)-1arecomparedunderthefollowingcriterion.

(2.1)

WherenAandnBarethenumbersofdatagroupsA,B,reSpeCtively;y?andyP

aretheoutputsofdataAanddataB,reSpeCtively;yfAandyPBaretheinf6rred
ValueofmodelAwithdataAandthatofmodelBwithdataB,reSPeCtively;

y?Bandy㌘AaretheinferredvalueofmodelBwithgroupAandthatofmodel
AwithgroupB,reSpeCtively･Thefirsttermontherighthandsideineq.(2.1)is
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theprecisionofthemodel,andthesecoIldterInisthecriterionforevaluati｡n｡f

thepredictiveaccuracyofthemodel.

Ifthe(h+l)-1ist)ettCrthaIltheh-1,theprocedureisrepeatedfrom3.Ifnot,

theprocedureisstopped.

Detailsoftheidentificationprocedureforsub-nlOdeliIIFigure2.1(b)isgivenas

follows:ThenumberofmembershipfunctioIISforeachinputvariableiscodedonto

eachgeneofchromosomes･Figure2･2showsanexampleofchromosome･Ifthegene

∬1 二r2 こr3 こr4 こr〟

Figure2･2:Anexampleofchrornosome

has20ralargerIlumber,thecorrespondingvariableisselectedasanlnput･Ifthegene

hasOorl,thecorrespoIldingvariableisnotselected･Inthisexample,Xlandx3are

Selected･Fivemembershipfunctionsareallocatedtoxland2meInbershipfunctions

toこr3.

Fuzzymodelsareidentifiedbasedonthechromosomes･Membershipfunctionsare

allocatedevenlyontheuIliverseofdiscourseoIleaChoftheselectedvariables.Inthe

CaSeOftheaboveexample,COmbinationsoffivemembershipfunctionsonxlandtwo

meInbershipfunctionoIIX3PrOVidetenfuzzyrules･Thefuzzymodelsareevaluated

uIldertheaccuracyaIldtheconciseIleSSOftheInOdel･SelectioIl,CrOSSOVeraIldmutation

areappliedtothechrornosomesaccordiIlgtOthefitIleSSValues･Thefuzzymodelsin

thenewgeneration areevaluated･Thesestepsare repeated uIltilthcfitnessvalue

COnVergeS･

Tlleaboveidentificationprocessissummarizedasfbllows:

1･ChroInOSOmeSareiIlitializedtohaveOineachgeIle･Thenurnberofchromosomes

isng･ThebinarynumberineachgeneisflippedtoIwiththeprobabilityofpi･

2･Chromosomesareevaluated･Thechromosomedeterminesacombinationofinput

VariablesandanumberofmembershipfunctionsbreachiIlputVariabletobe

usedforthesub-mOdel･Inthisprocess,theidentificationintheconsequentpart
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ofthemodelisdonewiththedataofgroupA.TheperformaIICeindexFusedin

thisfuzzymodelingprocessisglVenby:

ダ= ∑㌘1(y㌘A-y㌘)2十Å･.ヾ (2･2)

wllerenBisthenumberofthedataofgroupB,yPistheoutputdataofgroup

B,yPAistheinferredvalueofmodelAwithdataB,andSisthenumberof

subspaces･Thefirsttermevaluatesthegeneralityoftheidentifiedmodel,and

the second termis a criterion for the conciseness of the model.Coe伍cient k

adjuststheweightsonthegeneralityandtheconciseness･

3.Individualsarerankedwiththisperformanceindex.Theworstnwchromosomes

arereplacedwithcopleSOfbetterchromosomes･

4.Crossoverand mutatioIlOperationsareappliedtothe populatioIl･Crossoveris

appliedtothewholepopulationexcept
foroneeliteat the rateofpc･Parents

arerandomlyselected,andonepointcrossoverwithrandomlyselectedcrossover

pointis applied.Mutations are applied to each gene ofallthe chromosomes

exceptforthatoftheelitechromosomeattherateofpm･

5･Stopiftheperformanceoftheelitechromosomedoesnotimproveduringmend

generations.Otherwise,gOtOStep2･

ThisprocedureincludingtheflowsinFigure2.1(a)and(b)givesagoodsolution払r

determinationofhierarchicalstructureandselectionofiIIPutVariables.

2.3 Proposedmethodforsub-mOdelidentification

This dissertation proposes a new hierarchicalfuzzy modelingInethod uslng genetic

algorithm.Intheproposedmethod,thecombinationofinputvariablesisdetermined

bygeneticalgorithm.ThechromosomeshavebinaryIlumbers･Anexampleisshown

inFigure2･3･Ifthegenehasl,thecorrespondingvariableisusedasanlnput･Ifthe

genehasO,thecorrespondingvariableisnotused･Thissimplecodingdecreasesthe

numberofpossiblechromosoIneSandnarrowsthesearchspace･

Withthistypeofchromosomes,thewaytoconstructmodelshasafreedomofchoices･

TherecouldbethreemaJOrtypeSOfinputspacedivisionforfuzzymodeling.Theyare
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∬1 ∬2 こr3 こr4 こr凡才

Figure2･3:Anexampleofchromosomefortheproposedmethod
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grid,treeandclustertypes,aSillustratedinFigure2.4.Thegriddivisionisthemost

interpretableforasystemwithafewlnputVariables.But,iIlthecasewherethedataset

hasmanylnputVariables,itideIltifiesaIllOdelwithtooIIlaIlyrules.Thiscausespoor

generalization(predictiveaccuracy)andpoorinterpretat)ility.Thetree-typedivision
dividestheinputspacelikeadecisiontree.Thenumberoffuzzyrulesbecomessmaller

than the grid-typedivision.And the obtained fuzzyrules areinterpretable.But,it

has ariskofobtainlngaSub-Optimaldivision,Sinceit creates the treestructure by

incrementallydividingtheinputspace.Thecluster-typedivisionprobablymakesthe

Simplestmodelwiththesmallestnumberofrules.But,thedividedsubspacesdonot

COVerthewholeinputspace.Theidentifiedmodelsometimeslosespredictiveaccuracy.

And,SOmetimesthenormalizedmembershipgradesarenotconvexnorordinalonan

lnputVariable.Itisnotaninterpretablemodelforsomeapplications.

Thus,thispaperpresentstwodividingmethods,i.e.grid-typedivisionandtree-tyPe

division.ThislnputSpaCedivisionsteplSCarriedoutiIltheconstructionprocessfrom

ChromosomesasshowninFigure2.5.

2.4 Grid-Type DivisionofInput Space

Anewgrid-typedivisionmethodisproposedinthissection.Theproposedmethodallo-

CateSmembershipfunctioIISbyinsertinganewmembershipfunctionsatthepointwith

maximalerror,anddeletinganeedlessmembershipfunctionthatcanbeinterpolated

withtheneighboringmembershipfuIICtions.Arakiet al.[23]proposedanallocation

methodofmembershipfunctionsbyinsertinganewone･Themethodsin[24】and【25]

allocatemeInbershipfunctionsbydeletingneedlessones.However,therehasbeenIlO

methodthatinsertsanddeletesmembershipfunctionssimultaneouslybrappropriate

allocationofInembershipfunctions.

2.4.1 Procedure

The allocation ofmembership functions on the universe ofdiscourse for eachinput

Variabledependson thenonlinearityofthetargetsystem.This allocationiscarried

Outbyinsertinganddeletingmembershipfunctionsundercriteria.Inthisprocedure,

twodatasetsareused･One(datasetA)istoestimatethemodelparametersandthe
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Figure2･5‥InputspacedivisioniIISub-mOdelidentificationflow
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Otherset(datasetB)istoevaluatethepredictiveaccuracyoftheInOdel.
Theprocedureisasfollows.

1･TwoInembershipfunctioIISareinitiallyallocatcdontheuIliverseofdiscoursefor

eachinputvariable･Figure2･6(a)showsancxarnpleiIlthiscase.

2･TheslngletonintheconsequeIICeOfthei-thruleiscalculatedby:

∂壱=
∑㌘仇(諾5)‰

∑㌘β拓(諾β)'
(2･3)

Where凡isthenumberofsamples･Xsandysarethelnputandoutputofthe

S-thsample.

3･The perbrmance ofthe modelis evaluated with a criterion thatiIICludes the

predictiveaccuracyandtheconcisenessoftheidentifiedrIlOdel:

f｢= ∑讐1(封㌘A-y㌘)2
γ乙β

(2･4)

WherenBisthenumberofthedataofgroupB,yPistheoutputdataofgroup

B,y㌘AistheinferredvalueofmodelAwithdataB,Misthenumberofinput

Variables,andSisthenumberofsubspaces･Thecoe伍cientkistheweightsthat

balancesthegeneralityandtheconcisenessofthemodel.Thefirsttermevaluates

thegeneralityoftheidentifiedmodel,andthesecondtermisacriterionbrthe

COnCiseness ofthe rIlOdel.

4･Iftheperbrmanceindexdoesnotirnprovefornenditerations,StOp･Ifitdoes,gO

tostep(5).

5･AnewInembershipfuIICtionisinsertediIlthesub-SpaCeWheretheerrorisⅡ1aX-

imum･AmongthernultipleiIlputVariables,thelnPutVariablewiththehighest

gradeiIlthesub-SpaCeischoseIl･Figure2･6(b)and(c)showanexamplehow

InembershipfuIICtionsareinsertedintosub-SpaCeS･

6･TheslngletonsiIltheconsequenceofthenewInOdelareobtaiIledwiththesame

Calculationinstep2.

7･Consequentsingletonsofeach
membershipfunction branlnput Variableare

examined･IftheycanbeliIlearlyinterpolatedwithneighboringrules,thismem-

bershipfunctionisdeleted.
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･Yf

(a)iIlitialstate

乃

(b)onemembershipfunctionisinserted

･･YJ

(c)twomembershipfunctionsareinserted

Figure2.6:InsertionofIneInbershipfunctions
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8.Gotostep2.

Afterthisprocess,afuzzymodelwithappropriatelyallocatedmembershiI)functioIIS

isot)tained･ThemembershipfunctioIISareuIleVeIllydistributedoIltheulliverseof

discourse,depeIldingontheIlOnlinearityoftherIlOdeliIlgObject.

2･4･2 NumericalExperiment

Twonumericalexperimentsweredonetodemonstratetheeffectivenessoftheproposed

method･Thefirstexperimentcomparedtheaccuracyandtheconcisenessofthepro-

posedmethodtothoseofamethodthatonlylnSertSmembershipfunctionsandto

amethodthatonlydeletesmembershipfuIICtions･Thesecondexperimentcompared

themtothosewithevenallocationofmembersllipfunctions.

Experimentl

Anexamplethathadtwoinputs(xl,X2)andanoutputywastested.

y=InaX〈㌫認諾2
(2･5)

300palrSOfxl,X2WererandomlygeneratedintherangeofO≦xl≦1,0≦x2≦1.

Figure2･7(a)showsthetrainingdata,aIld(b)showstheinput-Outputmapping

ObtaiIledbytheproposedmethod･Figure2･7(c)aIld(d)showthemaI)piIlgSOfthefuzzy

modelsobtainedbytheinsert-Onlymethodandbythedelete-Onlymethod,reSpeCtively･

Figure2･8showstheobtainedmembershipfunctions.(a)showsmembershipfunc-

tionsobtainedbytheproposedrIlethod･(b)showstllOSebytheinsert-OnlyrIlethod,

and(c)showsthosebythedelete-Onlymethod.TheproI)OSedmethodobtained6mem-
bershipfunctions払rxland7meInbershipfuIICtionsforx2･Theinsert-OnlyInethod

Obtained6and9each,andthedelete-OIllymethodobtained7aIld9,reSPeCtively･The

numbersofmembershipfunctionsandthecorrespondingnumbersoffuzzyrulesare

Summarizedin Table2.1.

AnotherdatasetofrandomlygeIlerated300palrSVerifiedthepredictiveaccuracyof

thethreemethods･Table2･2showstheerrors払rtrainlngdataandbrunknowndata.

Themodelobtainedbytheproposedmethodhadbetterpredictiveaccuracywitha
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(a)trainingdal~.a

(b)obtainednlappingl)ythcprol)OSCdmethod

((‥)01)t･ainc(lma･pl〕i11gbyinsertonlymetho(l

(c)obt･a･ine〔1mappingl)ydcleteo711yl11Pthod

Figure2■7‥Trainlngdataan〔lobtaincdmal)plngS
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Table2.1:NumbersofMembershipFunctionsandFuzzyRules

Method

Numberof

MembershipFunctions

∬1二r2

NumberofFuzzyRules

Insert+Delete 6 7 42

InsertOnly 6 9 54

DeleteOnly 7 9 63

Table2.2:ComparisonofAccuracy

Errorfor Errorfor

TrainlngData UnkIlOWnData

Insert+Delcte 0.0250 0.0279

InsertOnly 0.0249 0.0287

DeleteOnly 0.0238 0.0355
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smallernumberoffuzzyrules.Thatmeansmoresuitableallocationsofmembership

functionswasacquiredbytheproposedmethod.

Experiment2

Anothernumericalexperimentwascarriedouttovalidatetheeffectivenessofthepro-

posedidentificationmethodofsub-mOdels･ThefollowlnglnPut-Outputrelationships

were tested:

封
=(-4+堵5+キ1)2+5sin(∬2+∬3)
+

exp(1+∬4+∬5)

=(-4+xlO)2+5sin(xll)+exp(1+x12)

∬6=堵5, ∬7=互1, ∬8=∬γ2,

£9=堵5互1,∬l｡=堵5+互1,∬11=∬2+∬3,

(2.6)

(2.7)

∬12=∬4+∬5

wherex｡tOこr5WerelnputVariables.x6tOこr12WerearrangediIIPutVariablesexpressed

byeq.(2･7)･X13WaSuSedasadummyvariable,thathadnorelationshipwithy･The

numberofcandidatesofinputslgwas14･Therangesofinputvariablesareshownin

Table2.3.Therangesweredecidedsothattheinputvariablesinfluencedtheoutput

almostequally.

Table2.3:Rangeofvariable

variable range

(0,1,…,20)

(0･5,0･7,‥･,1･5)

(-1･0,-0･9,‥･,5･0)

(0･0,0･1,…,0･5)

(-1.5,-1･4,…,0･5)

(0,1,…,17)

TwentysetsofeightypalrSOfinput-Outputdataweregenerated･Everytwosetsof

themwereusedforAandB groups.Theinput-OutputdatawereIlOrmalizedwithin

therange[0,1)forthefuzzymodeling･TheparametersofGAweresetasfo1lows:the
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Ilumberofchromosomesng=20)theprobabilityofcrossoverpc=0･75?theprobability

ofm11tationpm=0･1,thenumberofgenerationsforthestopplngCOnditionmend=10

andthenumberofiterationsforthestopplIlgCOIlditionoflearnlIlgnend=15.

Table2.4showstheresultsoflOexperimentswithlOdiffereIltpalrSOfsetsofdata･

CriterionCwascalculatedby(2.1)withtheoutputofsub-InOdelh-1･histhenumber

oflayers･Sisthenumberofsub-mOdels･Visthetotalnumberofinputvariablesofall

sub-mOdels.mmeansthetotalnumberofmembershipfunctions.

Table2.4:Modelsobtainedwiththeproposedmethod

dataset# Cin(2･1)

0,1 0.775 2 4 7 35

2,3 0.748 2 3 7 35

4,5 1.001 3 5 10 44

6,7 0.706 2 2 6 21

8,9 0.885 2 2 4 19

10,11 0.788 3 5 12 51

12,13 0.879 2 6 3 19

14,15 1.021 2 3 8 32

16,17 1.113 2 2 6 30

18,19 0.996 3 6 16 54

aVerage 0.891 2.3 3.3 7.9 34.0

SD 0.137 0.5 1.6 3.9 12.6

Experimentswith tlleCOnVentionalhierarchicalfuzzymodelingmethod[26]which

a1locatedmembershipfunctioIISeVeIllywerealsodone.Table2.5showstheresults.

Comparingtheseresults,thevaluesofCwerealittlebitlarger(worse)withthe

proposedmethod.But,thenumberoflayersh,thenumberofsub-mOdelss,thenumber

ofvariables
v and the numberofmembershipfunctions m weresma11er.Figure2.9

showscomparisonofCandm.Boxesrepresenttheaveragevaluesandtheintervals

represent standard deviations.Statisticaltests tellthat the di鮎renceofh and the

differenceofmaresignificant(p<0.05)andthoseoftheothersarenotsignificant･
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Table2･5‥ModelsobtainedwiththeconveIltionalmethodwhichevenlya1locatemem-

bershipfunctions

dataset# Cin(2･1)

0,1 0.930 3 4 田 50

2,3 0.619 4 6 16 80

4,5 0.704 4 5 10 53

6っ7 0.480 5 5 16 74

8,9 0.985 2 3 9 37

10,11 0.681 5 10 26 100

12,13 0.814 2 3 7 40

14,15 1.097 4 4 9 41

16,17 0.861 5 7 16 62

18,19 0.947 2 3 6 31

aVerage 0.811 3.6 5.0 12.6 56.8

SD 0.189 1.6 2.2 6.0 22.0
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駈1･-1
Figure2･12‥IdentifiedmodelwitheveIllyallocatedIn(一Ⅲ1bershipfuIICtions



2.5.TRE且一丁l′PEβJV搭JOⅣOF上ⅣP[JTSPAC且 35

2･5 Tree-TypeDivisionofInput Space

Theotherdivision
nlethodofiIIPut SPaCCisbascdonthc tr(〕e-tyPedivision.Thc

lnPutSpaCeisdividedincrementallytoot)tainatreestructure･ThelIIPut-OutPut

relationshipsofdataareusedtodeterminethedividingpoints･Thesubspacewiththe

largestvarianceofdataoutputisdividedsothatthemodelerrorbecomesthesmallest.

Thetree-typedivisionobtainsaInOdelwithasmallernumberoffuzzyrulesthanthe

grid-typedivisiondoeswithoutlossofpredictiveaccuracy･

2.5.1 Procedure

ThedivisionofiIlp11tSPaCedeterminesthepredictiveacc11raCyandtheinterpretability

OfthefuzzyInOdcl･ThissectionI)rCSentSatreedivisionusIIlgthestatisticalttest.

Thistestistoexamincwhethertheaveragevalueofagroupofdataisslgnificantly

differentfromthatoftheothergroup･ThisInethodusesthepvalueofthettest.We

applythettesttothestopplIlgCOllditioIlOfthebllowlIlgdivisionalgorithm.

1･Theinputspaceisnotdividedinitially,1･e･theIlumberofsubspacesisl.The

numberoffuzzyrulesNRisalsol,initially.Thesubspace,Whichcoversthe

WholeiIlputSpaCe,isdeIlOtedbySl･

2･ThedataaredividedintoNRdatasets･IfthelnputOfadataisinther-th

Subspace,thisdatabelongstother-thdataset･OIleOfsubspacesisgolIlgtObe

dividedintotwoIleWSubspaces･Theselectedsut)SpaCeforthedivisionSDWis

theonewiththemaximuⅢ1Variationofthcoutput･Thissut)SpaCeisdecidedas:

5∂′V=al-g.r.プチチ.チ料月(mγ-1)t′(5γ)(2･8)

WllereV(Sr)andnrarethevarianceofoutputsandtheIluInberofdatainth｡

r-thdataset,reSpeCtively.

ThesubspaceSDIVisdividedintoIleWtWOSubspaces,SnewlaIldSnew2.The

dividingpointこrdisdecidedas:

miIlIniIl((れ細別山一1)V(5m｡Wl(恒鴎))+(作れ｡ぴ2-1)t′(5m｡W2(恒鴎)))(2.9)壱=1,･‥ノごdi∈5βJV
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WhereSnewl(i,Xdi)aIldSn｡W2(i,Xdi)denotethedatasetsgeneratedbydividing
SLNV atこrdi,Whichisthedividingpointonthei-thaxis.ThenuInberofrules

NRisiIICreaSedbyl,i.e.NR:=NR+1.

3･Thedivisionofthedatasctisevaluated byttest･Ifthepvalucisless thaIl

thepre-SetSignificaIICelevel,SteP2isrepeatedtodivi(leanothersubspace･We

COnSiderthatifthepvalueofadivisionislessthanapre-SpeCifiedlevel,the

average output valuesin the two divided subspaces are slgnificantly diff6rent

from
each other.

4･Fuzzy sets that correspond to the subspaces are geIlerated･The consequeIlt

SlIlgletoIISOfallNztrulesaretunedbythebackpropagationlearnlng･

ThedivisioIlprOCeSSisrcpeate(1uIltilthcpvaluebecoIIleSgreaterthalltheslgnificaIICe

levelorthenumberofrulesbecoIIleSgreaterthanapre-decidednuInber･Figure2･13

ShowsanexaInpleoftree-tyPedivisioIlOftheinputspaceon2inputs(xkaIldxl)aIld
thecorrespondingmembershipfunctions.

(a)Unevendivision

Rし‖e-虹_→ヒニ

Ru･e2k±ヒ｣
Rule〕起十L云
Rし1te4L_云L_Å
R山e5L送｣･-▲ ･-/

(b)MembershipfunctioIIS

Figure2･13‥ObtaineddivisionandmembershipfunctioIIS
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2.5.2 NumericalExperiment

AIlumericalexI)erimentwasdoIletOCOInParetheperformaIICeSOfthegrid-tyPeaIld

thetree-typedivisioIIS.TlletargetIlOnlinearsystemwasthesaIIleaStllatuSedbytlle

ExperimeIlt2iIISub-SeCtioI12.4.2.

SixteensetsofthreehundredpalrSOfinput-Outputdataweregenerated.Theinput-

outputdatawerenormalizedwithintherange[0,1]forthefuzzymodeling･Twoofthe

sixteensetswereusedforAaIldBgroupsinamodelingexperiInent.Eightexperiments
were done.

Figure2.14(a)showsanexampleoftheinputdivisionofsub-mOdell-lobtainedby

thetree-typedivisionmethodinoneoftheexperiments.x10,Xllandこr12WereSelected

brtheinputs.TheinputspacewasdividediIltO9subspaces,andthenumberoffuzzy

rules(NOR)was9･TherootmeaIISquareerrOr(RMSE)forthetestdatawasO･0944･

Figure2.14(b)showsaIleXampleoftheiIlputdivisioIlOfsub-InOdell-1ideIltifiedby

theconventionalmethodin[26]･TheIluInbersofmembershipfunctionswere2forx5,
7for二rl｡and5forxll.TheNORwas70.TheRMSEwasO.1066.

ズ10

(a)Tree-typedivisioIl

ズ10

(b)Grid-typedivision

Figure2.14:DivisioIlOfinputspace

Thenumbersofrules(NORs)apdtherootmeansquareerrors(RMSEs)aresum-

marizedinTable2.6.Thetableshows(Average)土(Standarddeviation)oftheeight

experimentsinthecasewherethecoe伍cientkineq.(2.4)wassetatlO~3.Thetree-type
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Table2.6:Comparisonofthemodelsl-1

tree-type

division

grid-type

division

NOR 6.1士1.4 54.6土16.9

RMSE 0.098土0.012 0.093土0.016
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divisioIlI=(再10(l(･Oul(1i〔leIltifvm-1Clll110r(一COIl(:is(一ⅠIl(}dfllstha･11t･h{､gri(l-t･yr)e(-1ivision

Illetho(1〔1i(1without(1(!gra(1i11gtheiL･geIleralitY.

2･6 MultipleObjectiveGeneticAlgorithm

Thi=S(一(吏on(liscllSSeS t･11eSt･eP= EvalllatiollOfModelsshownwithsha(lei11tllC Fig-

11re2･15･NuInC･riぐalexl)erilIlelltHinv(!StlgatC†･hp eff(?Ct.Ofevaluation fu工1(･tion to the

Figlu･e2.15:Eva･111ationofInO〔lelsillS11l)-1n()(1eli〔l(Ⅶtifi(･at.io11LIow

ぐOnCiseIleSSan(lthea(:C111･a(二yOftll(!Ol)ta･ine(lf11ZZy皿0(1(さIs,

Multipl(,-Ohj{】ぐtivegellCticalgoritllm[27,呵opt･ilIli7eSthecollnictinglTlllltiplぐ･01)je(二L

tiv(一S･Tllisalgot･ithlIlgenerateSVarious(:O111l)rOl-1isl11gSOltltions･Inthis(liHSCrtatioIl,

tlleml11tiple-Oh｣eCtivegenetic algoritlllnisal)1)1ie(ltothef11ZZyIllO(1clil唱tOOhtain

VariousmodelsllaVlngCOnCisencssan(1prc(1ict･iveaccul･aCydifkre11tfroIIICa(二hother.

TheapplicatiollOfl-1-11tiple-Objectivegen(1ticalgorit･hmmakestlleIllO(lcIcrfreefrom
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thetrialanderrorthathasbeenneededtosettheweightsoIltheevaluationfunction

appropriately.Thissectionproposes twomethodsofcodingforthe newfuzzymod-

eling.Thefirst method ofcodiIlgeIICOdes oIlly the(二0InbiIlatiollOfiIIPut Variables.

ThesecondmethodencodesboththecoInbiIlationofinputvariablesandtheallowable

numberoffuzzyrules.AnumericalexperimentcomparestllemO(1elsobtainedbythe

twocodingmethods.

2.6.1 ProcedureofMultiple Objective Genetic Algorithm

Thefirst method eIICOdes the combination ofinput variablcs.Figure2.16shows an

exampleofthechromosome.Thismethodiscalledmethodlinthissection.

£1 ∬2 こr3 ∬4 ニrルr

Figure2.16:Anexampleofchromosomebrthefirstmethod

Ifagenehasl,thecorrespondingvariableisusedasanlnputVariableofthesub-

model.IfitisO,thevariableisnotused.

The other method encodes the maximum allowable nuIIlber offuzzy rules as well

asthecombinatioIlOfiIlputVariables.Figure2.17showsanexaInPleofchrornosome.

ThenumberoffuzzyrulesiseIICOdedinnltOnKbybinarynumbers.Inthiscase,the

stopplngCOnditionforthedivisionofinputspaceisnotonlythepre-SetPValue･The

lnPutSpaCedeterminedbythechroInOSOmeisdivideduptotheIluInberglVenbytlle

chromosoIne.

∬1 ∬2 二r財 几1 †1打

Figure2･17‥AnexampleofchroIIlOSOmeforthesecondmethod

g(p)=(gl(p),g2(p),･･･,gL(p))denotesthep-thchromosomeinthepopulation･Each

gene has a binary number,00rl,aS ShowIlin the example･Thelength ofeach
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ChromosomeListlleSameaSMinthefirstmetho(laIldM+Kinthesecondmethod.

Thepopulation,thatisthen11IIll)erOfchromosoIneS,1S(1eIlOte(1byP.

TheevolutiollOfin(1ividualsiscarriedoutbytllChllowIIlgl)rOCedure:

1･CllrOrnOSOmeSareiIlitializedtohaveOiIleaChgenc･ThebinaryIlumberiIleaCll

geneisflippedtoIwiththeprobabilityofprini･

極=1,‥･,P,∀乃=1,･‥,上,タγ↓(p)=
1,Withtheprobabilityofprini

O,Otherwise

2･ChroInOSOmeSareeValuated･Chromosomeg(p)decidesacombinationofinput

Variablesan(1anumberoffuzzyrules･AmodelOPisidentifieduslngOnlythe

Selecte(1iIIPutVariablesandtlleOutPutVariable･Thedivisionprocessofthe

lnputSpaCe〔1escrit)edinsut)-SeCtioI12.5iscarriedout.

ThefitIleSSVeCtOrf(p)=(fl(p),f2(p),f,(p))isusc(1fbrtheevaluationoftll｡

Chromosome･TheeleInentSiIlthefitnessvectorevaluateestiInatioIlabilityofthe

Sub-InOdel,thenumberofrules,aIldtheIlumberofinputvariables,reSPeCtively･

fl(p)isAkaikeIIlformationCriterion(AIC)[29]givenby:

ム=Ⅳβlog (芸)+2上)0ダ (2･10)

WhereNDisthcIlumberofdata)EisthetotalerrorandDOFisthedegreeof

freedoIIlOftheInOdel･DOFisglVeIlt)y‥

β0ダ=2ⅣR-1 (2･11)

forthisuIleVeIldivisioIlOfinputspace,WhereNRisthenunlberofrules.TheAIC

isagoo(1criterioIlbrtheestiIllatiollCapabilityofsub-nlO(1els.TlleOthercriteria

f2(p)andjb(p)areNR‥theIluIIlberofrulesaIl(lNv:theIlurnberofselectedillput

VariablesofthemodelOP,reSPeCtively･

ムニ▲＼▼/′ (2･12)

ム=凡′ (2.13)

ThesInallerthesevaluesare,thebetterthesub-mOdelis･Thesevalues,eSpeCially

flaIldf2,flandf3,arethesearchforcandidatesthatareintrade-｡ffwitheach

otIler.
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TherankofchroInOSOIneg(p)inthepopulationisgiveIlby

I･ank(p)‥=1+γと(p) (2.14)

WhcrcIL(p)istheIlumberofchromosoIneStllatare`suI)erior,totlleCllrOInOSOIne

gP･The`superiority'isdefinedthatg(q)issuperiortog(p)inthecasewhere

(∀壱=1,2,3)ム(ヴ)≦ム(p)∧(]豆=1,2,3りょ(ヴ)<ム(p). (2.15)

3.Ifrank(p)isl,thechromosomeisanelite.Elitechromosomesarereservedbr

thenextgcIleration.

4･ThecrossoveroperatioIlisappliedtothewholepopulatioIleXCePtfortheelites

at therateofprc,･ParcIltSareSelectedaccordingto the totalfitnessvalueof

Chromosornes･ThetotalfitnessvalueofchroInOSOmeg(p)isgivenbyl/rank(p).

ThemutationoperatioIlisappliedtoeachgeIleOfallthechromosoIneSeXCept

forthatoftheelitechromosomesattherateofprmuL.

5･Stopifthenumberofelitechromosomesbecomeslargerthanapre-Setnumber

Orgenerationsbecomeslargerthanapre-decidedlimitnumber･Otherwise,gOtO

Step2.

Multipleelitemodelsareobtainedbytheaboveprocesses･AhumaIldesignershould

Selectadesirablemodeloutoftheobtainedelitemodels･Ifthedesignerregardsthat

theconciseIleSS(interpretability)ofthemodelismoreimportantthanthepredictive

accuracy,he/shewouldchooseamodelwitllaSInallcrnuIIlberofrules.

2.6.2 NumericalExperiments

NumericalexperimeIltSuSlngadatasetgeneratedfroInaIlOnlinearequationaredone.

Inthissection,tWOCOdingmethodsintroducedinsub-SeCtion2.6.1areexamined.The

resultsshowthatanewcodingthatdecidesthenuInberofdivisionofinputspaceof

eachsub-mOdelise鮎ctiveforgeneratingvariousmodelsonthePareto丘･Ont.

WeusedthefollowlngnOnlinearequationasthetargetsystem:

y=Sin(7rXl)+cos(7T(xl+x2))+cos(7TXIX3)+sin(7T(xl-X｡)). (2.16)
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Figure2･21‥ObtaineddivisioIlOfiIIPutSpaCeWith3rules

Table2･7:Obtainedrulesetwith3fuzzyrules

IF xlisNotLargeand x2isSmall THENy=1･6

IF xlisNotLargeaIldJ:2isNotSInallTHENy=0.62

IF xlisLarge THENy=0.33

Tat)1e2･8‥ObtaiIICdr111csetwith7fuzzyrules

IF
二rlisNotLarge

IF J:1isMedium

IF
こrlisLarge

IF こrlisMediuIn

IF こrlisLarge

IF ニrlisSmall

IF こrlisLarge

an(1J72isSIIlall

aIld J:2isLarge

and ニr2isLarge

and こr2isMedium

and こr2is MediuIIl

and x2isNot Small

and こr2isSmall

THEN〃=1.6

THENy=1.6

THEN封=1.3

THEN封=0.57

THEN〟=0.33

THENy=0.16

THENy=-0.67
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Figure2･22:Obtaineddivisionofinputspacewith7rules
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numberofruleswerelarge.HurIlanuSerSCanChooseoneofthesolutionsaccordingto

theirownpurposes.

Table2.9:Obtainedrulesetwith21fuzzyrules

IF こrlisMedium

IF xlis Medium

IF xlisLarge

IF 二rlisMedium

IF
ニrlisMedium

IF xlis Small

IF xlisSmall

IF
ニrlisLarge

IF ニrlisLarge

IF こrlisLarge

IF
ニrlisMedium

IF ニrlisMedium

IF こrlisSma11

IF ニrlisMedium

IF xlisLarge

IF こrlisLarge

IF ∬1isLarge

IF こrlisSIIlall

IF ニrlisSmall

IF
こrlisLarge

IF こrlisLarge

and こr2isSmall

and x2isNotSmall

and ニr2isMedium

and こr2isLarge

and こr2isSmall

and こr2isSmall

and x2isNotLarge

and ニr2isLarge

and こr2isMedium

and こr2isLarge

and x2isLarge

and 二r2isSma11

and こr2isMedium

and ニr2isMedium

and こr2isMedium

and こr2isSmall

and こr2isMedium

aIld 二万2isLarge

aIld ニr2isMedium

aIld こr2isSmall

an(1二r2isSⅢ1all

and x3isSmall

and こr3isSmall

and x3isLarge

and こr3isMedium

and ニr3isMedium

and ニr3isNot Small

and J;3isSmall

alld x3isSmall

and ニr3isMedium

and ニr3isLarge

and こr3isLarge

and 二r3isLarge

and x3isNotSmall

and 二r3isNotSmall

and こr3isSmall

and ニr3isMedium

and 二r3isLarge

and こr3isSInall

and こr3isNotSmall

and こr3isLarge

and こr3isSrnall

THENy=0.91

THENy=0.81

THENy=0.80

THEN封=0.71

THENy=0.71

THENy=0.70

THENy=0.68

THENy=0.60

THENy=0.60

THENy=0.60

THENy=0.51

THENy=0.51

THENy=0.50

THENy=0.41

THENy=0.40

THEN〃=0.40

THENy=0.40

THENy=0.40

THENy=0.30

THENy=0.20

THENy=0.20

2.7 Conclusion

This chapter proposedIleW hierarchicalfuzzy modeling methods uslng genetic algo-

rithm.In the proposed method,the combinatioIlOfiIlput Variablesis determined
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bygeneticalgorithm･TwodivisioI=netho(1sofinputspacewerepreseIlted,OnCWaS

base(loIlthegrid-typedivisioIlaIl(1theotherwasoIlthetrce-tyPedivision･NurIlerical

experiIIleIltSShowed(1)theI)rOpOSe(1grid-tyPedivisioIlInethodot)taiIICdInOreCOIト

cisemodelsthantlleCOIIVentionalmetllOdsdidand(2)thetree-typedivisioIlmethod

obtainedmorecoIICisemodelstllanthegrid-typedivisiollInethoddid･

Multiple-Objectivegeneticalgorithmwasappliedtothehierarchicalfuzzymodeling

toobtainvariousmodelshavlngCOIICisenessandpredictiveaccuracydi鮎rent丘omeach

other.TwomethodsofcodiIlgWereprOpOSedforthefuzzymodeling･Onemethod

encoded only the combination ofinput variables･The other method eIICOded the

combinationofinputvariablesandthea1lowableIlumberoffuzzyrules･AnuInerical

experimentshowedthelattermethodwasabletoobtaiIlmOreVariousmodels,SPread

widelyontlleParetofrollt･



Chapter3

Applicationto Biomechanics of

Cyclists

3.1 Introduction

Cyclistsutilizethelowerlimbstopropelthebodyandthevehicle.ThismotioIlis

COmPlicated･WheIllnuSClecontractioIlgenerateSpOWer,theangleofjointschanges

atthesametime･ThechangeofjointanglealtersthedistaIICeSbetweenthefulcrum,

thepoiIltOfactionaIldthepointofaleverwherethehrceisapplie(1･Thatchanges

InuSClecoIltraCtionspeed･TheshapeandtheiIICrtiaofeachsegIneIltaSWellasthe

time-SeriespatternsofthepowersupI)1iedbythemusclecontractionaffectthebicycle

Speed･TheInOtionishar(1tocomprehendwitllaIIleChaIlicalIIlOdel.

SomescientistsIIleaSuredthebrceexertedonthepedalsand(1iscussedgoodpatterIIS

Ofpcdalingforce･But,SuChdataarcdi伍culttocxplainexplicitly･FuzzyInO(1elingllaS

notbeenappliedtothesedatal)e丘)re.

ThiscllapterpreSentSabioIneChaIlicalanalysISOfcyclingt)ythefuzzy
modeling

methoddevelopedinthepreviouschapter･TherelationshipsbetweeIltheforcepat-

terIISOnthepedalandtheoutputpowerofcyclistsaredescribedwithfuzzyrules･

ThehierarchicalfuzzymodeliIlgSelectsoutthemostinflueIIClIlgVariablesamongthe

absoluteforce)theangleofthepedalandtheforcedirectioIlineachquarteroftheped-

aliIlgCyCle･Feedbacktotheathletestoimprovetheiroutputpowerisalsoobtained,

utilizingtheactivationvaluesoffuzzyrulesforeachpedalingdata･

49
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3.2 ForcePatternAnalysisofCycling

Pedaling(1ataoffourteeniIlt(∋rIlatioIla11evelcyclists[1∠l]areanalyze(1toextractpe(1alillg

know-110W･AllcyclistswereIneaSuredwhiletheywcreI)edalingattlleirIIlaXiIIlaleffort･

Sixofthe14cyclistswerealsoIneaSuredwhiletlleyWerepedaliIlgat90%oftheir

maximaloutputs･Thenumberofdatawas20･ThedatasetcoIISistedofpedalaIlgle

O,IlOrmalandtaIlgentialforcestothepedalasfunctionsofcrankanglerangedfrom

Oto360degrecs.Twovariables,absolutevalueoftheforceexertedonthepedal(Ff,

andanglcoftheforcedircctiontothepedalOFWereCalculated･ThevariablesfFl,
OFandOwereaveragediIleVery90degrecsofthecrankangle･Threevariablesin4

ranges,tOtally12variables,WereObtainedastheinputs･TheoutI)utVariableywas

averageoutI)tltI)OWer[watt]･

Figure3･1depictsforcepatternsof5cyclists･Cyclist Ahadtheweakcstoutput

㍊諷㍊

鵠㍊
Figure3.1:forccpatterIISOffivecyclists

arIlOngthe14cyclists･CyclistBwasbetterthanA,andcyclistCwasbetterthaIIB

andsoon.CyclistEwasthebestofthe14･

CommoninterestsbycyclistswiththiskiIldofdatawere‥thefactorthataffectedthe

outI)utmOStand:tlleI)OintthattheyshouldcoIICeIltrateOntOimprovetlleiroutputs･
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3.2.1 Hierarchicalfuzzymodelofcyclists,data

ThehierarchicalfuzzyInOdelingwithtree-typedivisioIlpreSeIltediIISeCtion2.5andthe

COdingrIlethod2presentedinsectiol12.6.1wasutilizedtoaIlalyzethedata.Figure3.2

depictsthefinalstructureoftlleObtaiIledhierarchicalmodel･Thesub-mOdelsSM(1-

1)andSM(1-2)wereidentified･Theoutputsoftheobtainedtwosub-mOdelswere

addedinthesecondlayer.

Figure3.2:Obtainedhierarchicalmodel

Figure3■3(a)showsthesolutionsforthefirstsub-InO(1elinthefirstlayersearched

bythemultipleobjectivegeneticalgorithm.Thesolutions,WhichwereoIlthePareto

frontinthefinalgeneration,areindicatedbycircles.TheauthorselectedtheIIlO(1el

0

｢〇

4

3

0†rules
5 6 2 2･5

r晶mb励も=∪店s
4･5 5 2･5numbePofrules3･5 4

(a)1stmodelinlstlayer(b)2Ildmodelinlstlayer(c)1stInOdelin2ndlayer

Figure3.3:SolutionssearchedbyMOGAbreachsub-mOdcl
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With4rules and2inputs out ofthecomproInislngSOlutions on the Paretofront as

thesub-mOdelSM(1,1).Table3.1showsthefuzzyrulesofthissub-InOdel.Thetwo

inputswerelFll:thebrcestreIlgth;andOFl:thebrcedirection;inthefirsthalfof

downstroke･LinguisticlabelsandrangesinwhichthegradesaregreaterthanO.5are

Shown.Theconsequentsingletonsylarealsoshown.Theuniverseofdiscourseofthe

lnputisshownin thebottomrow･Theobtainedrules areinteresting.Thoughthe

Table3.1:Fuzzyrulesinsub-mOdell-1

No. lダll βダ1 四

ロ Large(315～) Large(-78～) 253

2 MediuIn(274…315) 209

3 Large(315～) Small(～-78) 207

4 Small(～274) 184

176～371
-83～-48

forcelFllOfrule3wasstrongerthanthatofrule2,theapplicationofthebrcetoa

WrOngdirection,i.e.smallOFllimitedtheoutput.

Furtherinformationwouldnotbeobtainedfromthisquiteasmallnumberofdata

unlesshierarchicalmodelingwasutilized.

Thesecondsub-mOdelSM(1,2)wasidentifiedusingtheerrorofsub-mOdell-1as

itsoutput･Figure3.3(b)showsthesolutionsforsub-rnOdell-2.Ichosethemodel

With3rulesand2inputs･Table3･2showstherules･ThestrengthIFF3aIldthebrce

Table3.2:Fuzzyrulesinsub-InOdell-2

No. l可3 βF3 y2

6 Large(97～)Large(一137～) +16

2 Small(～-137) +6

3 Small(～97)Large(-137～) -15

42～114
-244～-97

directionOF3inthefirsthalfofupstrokewereselectedastheinputsofthecompensative
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sub_In｡del.Th｡Seruleswerealsointeresting.Ifthebrcedirectionwassmall(nearly

paralleltothepedalsurface),thestrengthdidnotcoIltributetotheoutput･Ifitis

large,theerrorofSM(1,1)dependsoIIIFl3･

F｡rth｡firstsub-mOdelintlleSeCOIldlayerSM(2,1),theoutputsofsub-mOdelsin

thefirstlayerwerealsothecandidatesofitsinputs･Figure3･3(c)showsthesolutions
forsub-mOde12-1.Wechosethemodelwith4rulesand2inputs･Table3･3showsthe

rules.Therulestoldthatthecompensationbythesub-mOdell-2wasneededonlyfor

Table3.3:上1uzzyrulesinsub-mOdel∠-1

No. yl 封2 封

6 Large(229～) 253

2 Medium(196～229)Large(-15～) 212

3 Medium(196～229)Small(～-15) 188

4 Small(～196) 184

183～266
r18～+12

thecyclistsinintermediatelevels･

But,themodeldidnothavelesserrorthanthesumOftheoutputofsub-mOdell-1

andthatofsub-mOdell-2.So,inthesecondlayer,aSumunitwasemployedinstead

ofthefuzzymodelSM(2,1)･
TherootedmeansquarederrorsofthehierarchicalfuzzyInOdelwas7･1wattsthat

was3･3perceIltSOftheaverageoutput)211watts･Themodelhad12degreesoffreedom

intotal.AlinearregressioIIWith13degreesoffreedoIIlgaVeaSInallererror･Therooted

meansquarederrorswitllthelinearregressionwas4･8watts･However,mOredetailed

informatioIIWereeXtraCtedfromthefuzzyInOdelasdiscussedinthenextsubsectioIl･

3.2.2 AdviceExtractionfromFuzzyRules

Thefuzzymodelgaveusmoreinformationaboutthepedalingtechnique･Thestrength

andtheforcedirectioninthefirsthalfofdownstrokewereimportant･Andthoseinthe

firsthalfofupstrokewerealsoimportant･Thisinformationwashardtobeextracted

fromthelinearregression･Thecorrelationcoe伍cientsofinputvariablestotheoutput
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WereO･78atthemaximum･ThemostrelatedinputvariabletotheoutputwasIFr2:

Strengthinthesecondhalfofdownstroke.Thesecondmaximalcoe伍cientwasO.600f

thestreIlgthiIltllefirsthalfofdownstrokelFFl･Thecorrelationcoe臨cientsofthebrce
directionsinthehalvesofdownstrokeOF]andOF2Were-0･08aIldO･47,reSpeCtively･

ThecorrelationcoefEcientsoftheforcestrengthlFJ3anddirectionOF3inthefirsthalf

Ofupstroke,Whichwereselectedbythefuzzymodel,WereO･52andO･20,reSpeCtively･

Thefuzzymodel払undout thecombinatione鮎ctsofthebrcestrengthand the

direction,Whichthelinearregressioncouldnotreveal･Furth(汀InOre,thefuzzymodel

WaSabletoglVedetailedinformationasfo1lows:Table3.4showsthenormalizedacti-

VationvaluesofburfuzzyrulesinSM(1,1)andthreefuzzyrulesinSM(1,2)inthe

CaSeOffivecyclists A-E.Theactivationvaluesarenormalizedsothatthesumofthe

allactivatioIlValuesofasub-mOdelislOO%.

Table3･4‥Activationvaluesoffuzzyrulesoffivecyclists

ruleno.(consequentsingletムn) Output

1(253)2(209)3(207)4(184) 1(+16)2(+6)3(-15) inferred actual

A 0 0 0 100 0 51 49 176.2 163.0

B 29 61 8 2 3 33 64 203.5 196.4

C 11 0 74 16 70 9 20 222.7 230.5

D 61 37 1 1 0 100 0 244.2 248.2

E 97 0 1 2 63 28 9 278.5 279.6

Cyclist A matched the4thruleinsub-mOdell-1andit matched the2nd and the

3rd rulesin sub-mOdell-2halfand half･Re鮎rrlng tO table3･1,the maJOr CauSe

Ofhis relativelylow performance was explained by the smallbrcein thefirst half

Ofdownstroke･And referrlng tO table3･2,the minor cause was explained by the

applicationofforcetoawrongdirectioninthefirsthalfofupstroke･

Accordingtothesecondrowintable3･4,table3･1andtable3･2,thepedalingof

CyClist B was characterized by the medium forcein thefirst halfofdownstrokeand

thesmallforceinthefirsthalfofupstroke･Heshouldcarehisupstrokemorethan

downstroke.
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Thethirdlineintable3･4andtheruletablestellthatthepedalingofcyclistCwas

Characterizedbythestrongbutwrong(1irectional払rceinthefirsthalfofdownstroke

aIldthelargebrceiIlthefirsthalfofupstroke.HeshouldmindthebrcedirectioIliIl

his downstroke.

CyclistDhadacquiredproperforcedirectioninthefirsthalfofdownstroke,because

thelstandthe2ndrulesofsub-mOdell-1hadhigheractivationvalues.Heshould

improvestrengthindownstrokeandcorrectthedirectioninupstroke.

ThesepleCeSOfadvicewereextractablebecausetheacquiredfuzzymodelshadthe

interpretability.

3.3 Conclusion

PedalingpatternsofU･S･natioIlalteamcyclistswereanalyzeduslnghierarchicalfuzzy

modeling･ThemostinfluenclngVariablesweretheabsolutefbrceandtheforcedirectioIl

inthefirsthalfofthedownstroke･Thesevariablesweretheinputsofthefirstmodel.

Theabsoluteforceandthe払rcedirectioninthefirsthalfofupstrokeaffectedtheoutput

POWeraSthecompensationofthefirstmodel.Thesevariableshadmutualinteractions

andsaturations･Theobtainedfuzzyrulesclarifiedthenonlinearrelationships･

Feedbacktotheathleteswasobtainedfromactivationvaluesofthefuzzyrulesfor

eachpedalingdata･Somecyclistsshouldimproveforceinthefirsthalfofdownstroke.

OthershouldconcentrateontheforcedirectionratherthaniIICreaSlngtheamount.

Othershouldcorrectthetechniqueinupstroke.
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Chapter4

ApplicationstoBiomechanics of

Rowers

4.1 Introduction

Rowersutilizethetrunkandthearmsaswellasthelegstopropelthebodyandthe

Vehicle.Thewhole body motionsofthe rowers become more
complexthan thoseof

CyClists.Furthermore,the center ofbody massis moved brward and backward on

the boat.The movement makes the boat surge aIld pitch.That causes additional

COInPlexity.

Conventionally,the forces exerted on the oars have been measured aIld aIlalyzed.

But,anyOfthestudiesdidIlOtgOfurtherthanplottingthemeasuredpatternsofgood

rowersandcomparlngtllem tOthoseofotherrowers.Theinterpretationoftheforce

patternswasmainlydependentoIltheiIltuitionoftheresearchers.

ThefirstapplicationofthefuzzyInOdeliIlgtObioIneChanicsofrowers,preSentediII

SeCtioI14.2,iIlVeStigates the relatioIIShips between tlle force pattern and the average

POWeraPplied tothe oar.Theoretically,the boat speedis proportionalto the cube

SquareOftheaveragepower.Accordingtoprecedingstudiesandcommentsofcoaches,

maximalforceisinfluenclng,Ofcourse,andthetimlngandthespeedofstrokeaffect

the poweraswell.This studyinvestigatesmaximalforce,WaSted time and angular

Velocities ofbeginnlng,middle and ending parts ofthe stroke as factors that may

affecttheaveragepower.

Rowers apply powermainlybythree partialmotions,eXtenSion ofthelegs,SWlng

57
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ofthetrllIlkaIldpullingofthearms･CoacheskIlOWeInI)11･1CallythatthecoordiIlatioIl

ofthepartialmotionsisimI)OrtantforhighI)erforIIlanCe･But,thecoordiIlationllaS

IlOt beeIIStudies for oIl-Water rOWlIlgOr SCulling･Rowcrs
are ablc toiIIIPrOVe thc

perforInanCeInOreeaSilyifthepartialInOtionthatshouldbecorrecte(1isspecified

clearly･ThesecondapplicatioIlOfthefuzzymodelinglIlVeStigatestherelatioIIShips

betwecnthepartialmotionsandtherowlngperformanceinsection4･3･

4.2 ForcePatternAnalysISOfRowing

RowersandcoachesiIlteIldtoprogressthespeedoftheirboat･Goodskillmustbe

pursuedtorealizeanexcelleIltPerformance･Theboatspeedistheoretica11ypropor-

tionaltothecuberootoftllCPOWerSuPpliedbyrowersviaoars･ToenhallCCtllepOWer,

therelationshiI)betweenthcforcepatterIISan(1theoutputpowcrshouldbeexI)1icitly

clarified.

SmithandSpinks[20]usc(1discrimiIlant aIlalysistoclassifytheforcepatterIISOf

novice,gOOdandeliterowers･ThismethoddistinguishedeachclasswithlinearcoIl-

nectionofinputbiomechanicalfactors･InoticedtheIleCeSSityofutiliziIlganOnlinear

InOdelingmethodtodescribetherelationshipsmoreaccuratcly･Fuzzymodelingiden-

tifiesnonlinearlnput-Outputdependencieswithllighinterpretability･

4.2.1 Data Collectionand Preprocessing

TheforcesexertedonoarsandtheanglesofoarswereIneaSuredwllilewoIneIlnatioIlal

teamrowerswererowlnglOOmruns･Usingthemeasureddata?IexamiIledtherela-

tioIIShipsbetwcentheboatspeedaIldthepower･TheIl,WeidentifiedtherelatioIISllips

betweenthepowerandtheskillparametersillaformofafuzzyInOdel･

Subjectsand measurement:

Sixwomenrowersparticipated･Twoofthemrowedadoublescullasacrew･They

rowed4runsoflOOmeters.Theyweredirectedtorowat20,24)26and28strokes

perminutesinthefourruns)reSpeCtively･Other4crewscarriedoutthesameruns･

Duringtheseruns,the払rcesexertedonoarsweremeasuredbystraingauges,andthe

anglesweremeasuredbygoniometers･ThesaInpliIlgfrequeIICyWaS50Hz･Thedata
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Werelowqpassfi1teredwiththecut-0fffrequencyof12･5Hz･AIICXaIIIPleofmeasured

丘)rCCandangledataisshowIlinfigure4･1.

Boatspeeddependenceonpower

Wecalculatedpowerateachtirnestep,bymultiplyinghrce君(f),angularvelocity

LJi(t)andoutboardlengtllOftheoarli.Theangularvelocitywasthediff｡r｡nC｡｡fth｡

angledata(LJi(t)=(Oi(t)-Oi(ト1))/(6t),Where6tisthesamplingtime).

君(り=g古君(り山盲(壬) (4.1)

Wheretheindexidenoteseachoar･Adoublescullhas払uroars,SOi=1,･･･,4･The

averagepowersuppliedbytheburoarsis:

P= ∑≡1∑た1fミ(り
r

WhereTisthefiIlaltimestepofthelOOmruIl･Theboatsl)ee(1is:

100
/U =

r∂f●

(4.2)

(4.3)

Itisawell-knowIltheorythattheresistance払rceofarigidbodyInOVlnglnafluid

isproportionaltothesquareofthevelocity･So,thepowerisproportionaltothecube

Ofthevelocity.

Circlesinfigure4･2showtherelationshipbetweentheboatspeedandtheaverage

power･Thecurveinfigure4･2showsthetheoreticalcurve,thecuberootofthcpower.

ThemainreasoIlOftlledeviationswasduetothedisturbaIICeOfthewind.

Skillparameters

ⅥねcalculatedfiveparameterstocharacterizctllepattCrIISOfforceaIldaIlgleforeach

StrOkeofeachoar･SixspecifictiIneStepSWeredefinedaslistcdbelowbreacllStrOke

OfeachoartodividethcdrivlngPhaseintosoIneperiods･

tl:TheoardirectioIICllaIlgeSfroInnegativetopositive

t2‥ TheforcebecomeslargerthanlO%ofthemaximalbrce

t3:TheforcebecoIneSlargerthaI190%ofthemaxiInalbrce

t4:Theforcebecomessmallerthan90%ofthemaximalforce

t5:TheforcebecomessInallerthalllO%oftheInaXimalhrce

t6‥ TheoardirectioIIChangesfrompositivetonegative
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ThefollowlngSaretheparametersofrower,sskill:

･Maximalforcc:FLl=ma蛙tlF(t)

･Wastedtime:tw=(t2-tl)+(t6-t5)

･AngularvelocityinthebeglnnlngOfeffectivedrivlng:WB=誓評

･Angularvelocityinthemiddleofeffectivedrivlng‥LJM=Of……≒ぎ欝

･Angularvelocityattheendofe鮎ctivedrivlng‥LJE=㌍豊
A rowercanimprove the performance more easily when she concentrateson one of

theseparametersthanwhenshetriestoimproveallofthematthesametime.The

relationshipsbetweentheseparametersandtheoutputpowerareshowIlinfigure4･3･

4.2.2 FuzzyModels and Advice Extraction

Thehierarchicalfuzzymodelingmethodwithtree-typedivisionpreseIltediIISeCtion

2･5andthecodingmethod2presentedinsection2･6wasappliedtothedatainthe

previous sub-SeCtion･The obtainedfuzzy rules are shownin Table4･1･They are

listedandnumberedinorderoftheoutputpower･Therelationshipsbetweentheskill

parametersandthepowerweredescribedwith5-inputsl-Outputrules･Themodeling

processstoppedidentibringthefuzzymodelinthefirstlayer.Therootedmeansquared

errorofthefuzzyrnodelwas26W,Whichwas6.4%oftheaverageoutput.E鮎ctive

adviceisextractablefromthistable･Forexample,Rule8hasadi鮎renceinFMfrom

rule9.So"pushstrongly"iseffectiveadviceforarowerwhocaIlrOWabout570watts

inpower.Ifwelookatrule6and8,thedifferenceisintw."ReducewastefulmotioIl"

isverygood adviceforarowerwhooutputsabout470watts.Thereisadifference

inLJM between rule7and rule8."Speed upln themiddle"is effectivebrarower

Outputtingabout530watts.

4･3 MotionAnalysisofRowing

Therowlngperformancedependsonbiomechanicalfactorsandenergeticfactors･For

lightweightclassrowers,biomechanicalfactorsaremoreimportantbecausethereg-

ulationofbodyweightlimitsenergeticfactors.Toanalyzebiomechanicalfactorsof
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r()Wl賄I)r()1)111siv(一l)()W(一rl"トl)(､"1Ht二u(1i(一(l[:M,:‖,叫･Th(†Ⅰ)1･()1)一11=iv(一1)()W(､1･i=11(､lト

Ili111･(-→111t()川1(-(て()Iltl･it)11ti()11…f●tll…′rll()1(t-)()(1yl川rh㌧--～111晶I11()ti()11ト･ト11(･11～lト1用

(?Xt"1Hi()11っtr11IlkHWlllgi111(1～u･1Ill)一11l,iu･(一(1ilHi(一1･t,OH(†IIH(†itll(1(･()llt/lVlf()r"()W(､1･.

How(一Ⅴ(?l･,tll(汀…1･(､tWOllur･(1l(1Ht∴Ogiv(モl-()W(一1･s(≠(:tiv(一H11脚=ti()11いIHト()(･iil.t･(､(1wit/h

t･hol)artialIIl()ti()IIS･()Il(一istllatitisl"r(1t(=Il(一～1"1r(Ⅷ)W(､1･,HlIluS(･1(､1)()W(一r(1ir(-(･tlv

(1urlIlgOIl-Wat(-rrOWIIlg･Th(†()th()riHtllat)一)V()IllyHllOWiIlgtll(一gl･al)11←()fl)Iu･ti～11

ⅠIl()ti()IIH,it･i→(1ifh(:111tf()1､～tthl(血…11(lぐ()aCh(,St)()11Il(1(?rHta11(1wlli(:IIIIl()ti()11iHHllititl)1(†

f▲()Ⅰ･11igllI)Crf()1-IllMl(‥=tIl(1wlli(‥11()Il(?SllOlll(1l)(ラ(･()Ⅰ-It(-ぐt(-(1.

Aga･111Httll(一fil･Htll-11･(11(7,tllis油1(1vutiliz(一=illWrH(一(lulalIli(･=叫to(∴往1(･ulItt(一Ⅰ)()W伴

Oftll(一l)artialIIl()tiollS･A扉Il正tll…(一(:0Il(1oIl(一,W(l-1tiliノ(†t･11(一f･一1〃yIll()(l(､1iIlg,Wlli(:11

glV(一th…tlll(血HaIl(1tJll…()～l(二11(〕Ⅹ1)1i(7itknowl(一一(1g(7()Ilth(?r()1ati()11Shil)Sl)(血(†(一Iltll(-

Ⅰ…)t･i()11…Il(ltノ11(､Ⅰ)(､Ⅰ･Il)1て1じtll(･(-.

TlliH→(-(‥ti()11Ⅰ)1･(､H(≠h～1(･()Illl)i血i()11()川1(､ill､Ⅷ(-(1yu拙i(･…11(1tll(､f･-1叩Ill()(1(-1il唱

fol･1)i()Ill(一(:11～l･Ili(二～一1f(一(一(1l)～l(:kt}OrOW(一1･H･Wh(mtll("ul)j(†(:t=OW川()ml)"iIlgl(-1HH111,

f()1･…(でWI帖1()Ilt-11(､()～1ノl､Hフ～l･Ilgl(で=()f≠(-()illtSi11lノ11(り皿･ix()Iltil･11)1仙…11(1tIl(-it(:(:(､1crati()II

OfLll(モboatar(一ⅠIleaS111･(プ(1･Joilltl)OSitioIIS()ftll(一1･OWCl･ar(tVi(1(一Otal)()(-1aIl(l(1igiti∠C(1.

Tll(?illV(一rS‥1yIla"i(‥Hi=～11)l)1i(一(1toth(,(lat～t･It()lltl)tlhtilIl…(､1･i(")attCrllH()fjoiIlt

I)()W(?r･Av(一1･ag(一Ⅰ)0巧Ⅴ(?raIl(1tll(一Ⅰ･(一Ⅰ)r()S()11tativ(一ti111111gOfth(1tllr(?(一1)artialmoti()11HilJl･(?

(:al(二111a･t(?(1～1･Hl)ara↓=(-,t}(?rSOfIll()tioll()ftll(一1･OWCr･Effi(‥i(一11(:yiHとtls()用l(:11lat(､(lilH()11(､Of

twol)"f()rlllau(･(､ill(li(て(-H･Tll(､()th(一1■ill(1(一XiHtll(モl)()～lt里)(7(1(1,Whi(111iH==1(一肌11･(､(1l)VaIl

(山､(･t二r()仙tgIl(､ti(･里)(-(-(1()Ill(-t･(-1･.

Tll("ixl)～tr皿1両r…r(一tll(､illl)llh()fth(-flluy=1()(1(一1～1･Il(1tll(一l)(汀forltlil･11(:(､ill(1i(:(､H

～u･(､tll‥)utl)llh･F11叩IIl()(1(一1illgi(lcIltifi(一=1O111ill(?ariIll)一Itノー()lltl)一Itl･(hlti()11HlliI)H･ltis

(一～lSVfol･～lh111Ⅰ…Ilt()(､Xtl･il(･t)1iIlgui扉i‥l(Lvi(-(-fr()Illtll(-fll〃yl･一11(†H.Tll(1Il,(1vi(･(､iHf･(-(l

l)～t(七t′()tJll(で1･()Ⅵr(-Ⅰ､･Tll(､1･()Ⅵで川､士●(-1･トt()tノ11(､f(-(で(1-)～l(･k～l･Il(11で111(-Illt)(､11tll(､()11脚じ1ノ1111()t二i()Il

attll(一Hil･ⅠIl(一tilll(1,tll(-Il(･1･(､Itt,(､=l.11(-WlIl()ti()11.

4･3･1DataCollectionandPreprocessing

SubjectsaIld Meas11remellt

Th(†Sul)j(,(=tSW(?l･(7(一iE;lltrOW(一1･トfr()In‖1(りaI)aIl佃一IlatioIlと1.1t…ⅠIlall(1s(一V"lr｡W(一1･sfr｡IIl

auIliv(?l･=itvl･()Wlllgt(†aIIl･Al1()fth(〕InW(で1･(一ⅠIlal…11(11iglltW(7igllt(･lass.Wll(〕11()il(･h()f

th(一II11･OWC(110()InrlulH～Lh､WtiIIl(一Ht)ySiIlgl(一H(:1111,for"W)11()n･rll仙(11("jt)iIll～,Oal･ILI唱1(1S
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.Joint
forces werecalculated from the elbowto the bot:

£+1=£+汀乙豆(クー載) (4.4)

whereg=[0,一夕]Twasthegravityacceleration,miaIldxi=[xi,yi]TwerethcInaSS

andthepositionofi-thsegment,reSI)eCtively,doubledotsdenotethesecondderivative.

ThehandforcewasglVenfromthemeasuredvariables,

Jl=[ん｡がinβ｡｡月,0】r.

TheverticalforceonthehipfromtheseatfsEATyWaSeStiInatedby,

ノニり∴lJり--
(γ♭AⅣβ×Jl+γ♭｡CX〟g)

･′･L′.･l･′､

(4.5)

(4.6)

Wherer左ANDandrL,｡GWeretherelativedisplacemeIlttOthefootofthehandaIld
the center ofgravity,reSpeCtively,M was the bodyIIlaSS,X;EAT WaS the relative

displacemeIltOftheseat･Theforcewasaddedintheequationofpelvismotion･The

JOinttorque71wascalculatedby:

℃+1=℃+α豆×尤+b壱×(-£+1ト｣誠 (4.7)

WhereaiandbiWeretherelativedisplacementsofthesegmentendstothesegment

CenterOfmass,IiandOiWeretheinertialmomentandtheangularacceleration,re-

SPeCtively,inthesagittalplane･Thejointtorquepower13wascalculatedby:

君=℃･(β壱-β壱-1)･

TheefEciency77WaS

り=
(outputwork)

(outputwork)+(internalconsumptionwork)

WheretheoutputworkaIldtheinternalcoIISumptionworkwere:

(outputwork)=∑(ム･衰7-jl･ail),

and

(internalcon白umptionwork)=∑∑

respectively.

(4･8)

(4.9)

(4･10)

(4･11)



68 C打APT且R4.APP⊥JCATJOⅣS TOβJO几4EC月AⅣJCS OFROlル｢ERS

TiIne-SeriespatternSOflegexteIISioIlpOWerllE(t),trunkswiIlgI)OWer均一S(t),and

arInp1111powerILp(t)weregiveIlbyI)(t)+Ih(t),I33(t)+Pl(t),an(1P3(t)+I32(t),

respectively.Totally43ruIISOfthe15rowerswcreanalyze(1.Thepowcrpattcrnsof

tworowers are showIlillFigure4.5.Both ofthcIn aPpliedleg()ⅩteIISioIlin the first

half,trunkswlnglIltheIni(1dle,andarmpulliIlthesecoIldhalfofthedrivlngPhase.

ThepowcrpatternsofeachrunwereparameterizedtoaveragevalueandrepreseIltative

timlngduringthedrivlngphaseasshownwithasterisksiIlthegraphs.

4.3.2 FuzzyModels and Advice Extraction

FuzzymodelswereidentifiedfortheboatspeedandtheefBciencyseparatelybyapply-

1ngthehierarchicalfuzzymodelingmethodwithtree-typedivisionpreseIlte(1iIISeCtion

2.5an(1thecodiIlgInethod2Ⅰ)reSentedinsectioI12.6･

Fuzzymodelofboat speed

Threefuzzyruleswereobtainedbrtheboatspeed.Therulesareshownintat)1e4.2.

ThehierarchicalfuzzymodelingidentifiedonlythefirstmodeliIlthefirstlayer.

Table4.2:Fuzzyrulesofboatspeedv,aIldactivationsofrulesforrowersAandB

Antecedentpart Consequentpart RノOWel-A R.owerB

IF丹sisStroIlgANDtLEisEarly, THENv=4.53 55 4

IF巧一5isStrongANDtIJEisLate, THENてノ=4.08 44 96

IFI}一SisWeak, THENv=3.61 6 0

ThetruIlkswlIlgpOWCraffectedtheboatspeed.ThetimlIlgOflcgextensioIla鮎cted

Vin the case whereβrs wasstrong.Tlle third and thefourth coluIIlnSin table4.2

ShowtheactivationvaluesofrowerAand thoseofrowerB,reSI)eCtively.Figure4.6

Shows theinput-Output relatioIIShips.Green dotsiIlthe top graphs show丹s,tLE

andvofrowerA.ReddotsshowthoseofrowerB.Theleftbottomgraphshowsthe

membershipfuIICtionsof"丹sisStroIlg"and"丹sisWeak",reSpeCtively.BothAand

Bhadsolarge丹s,mOrethaI1350W,that thegradeof"丹sisStrong"wasalmost

lOO%,aIldthat of"丹sisWcak"was alInOSt ZerO.､The right
bottom

graphshows
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Figure4.5:PowerpatternsandparametersofrowersAandB
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themembershipf11nCtionsofHtLEisEarly"aIld"tLEisLateH,reSpeCtively･TllCtLI]

OfrowerBwassolate(1arge)thatthegradeof"tL11isLate"wasIlearlylOO%.Tlle

tLEOfrowerAwasaroundO･35,SOtlletWOrulcswereactivatedabout55and44%,

respectively.

TheinferenceerrorofthismodcIwasO･27In/secinrootedmeansquarederror.

Fuzzymodelofe伍ciency

AnotherfuzzymodelwiththreefuzzyruleswascoIIStruCted払rtheefBciency･Table4･3

Showstheobtainedrules.Ef五cientrowersappliedsmallpowerof,armPu11.Rowers

Withlargearmpowerandwithlargelegpowerwereine伍cient.TheP4PandtheftE

Table4.3:FuzzyrulesofEfBciencyr7,andactivatioIISOfrulesforrowersAandB

AIlteCedentpart億
亡熟

Consequentpart RowerA RowerB

IFP4PisWeak, THEN77=0.63 78 13

IFP4Pis■StrongAND島H'isWeak, THENわ三甘59. 20 14

IFP4PisStrpngAND′PLEisStrong, THE叶甘〒0･51
_2

73

OfrowerAwereWeakasshownbygreendotsiIIFigure4･7･OntheotherhaIld,rOWer

BappliedStrongP4PandStTQngPLE,bothweremorethaIllOOW･Hise伍cieIICyWaS
パ

■一-1-ヽ. 〝′

relativelylow.

Theinference error ofthis modelwas O.04.

Advicefor rowers

MakingtLHalittleearlierwillbeeffectivebrrowerAtoeIlhaIICetheboatspeed･A

SuggeStioIlnOttOemPhasizeon君1PWillbeusefulforbettere伍ciency.ForrowerB,

makingtLEearlierwillbeeffectiveratherthanlethimtrytoeIllargenEaIld旦1P.

4.4 Conclusion

Thischapterfirstanalyzedtherelationshipsbetweentlleforcepatternsandtheoutput

power･Tlle aVerage pOWerdurlIlgthe drivlng phase wasimportant toenhaIICe the
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boatspeed･Theaveragepowerdependedonrower,sskillnonlinearly･FuzzyInOdeling

revealedtheIlOnliIlearrelatioIIShil)S,aIldeffectiveadvice払rrowersiIlaCCOrdancewith

theirperforInanCelevelwereextractedfrorIltheobtainedmodel.TheInaXimalbrce

largelyaffcctedtheoutputpowerofworIlenIlationalteamrowers.Theotherfactors

thataff6ctedtheoutputpowerwereiIICOmbinatioIIWiththemaximalforce.

Thischapterthenpresentedacombinationofinversedynamicsandfuzzymodeling･

ThefuzzymodelingclarifiedthattheboatspeedwasaffectedbythetrunkswlngpOWer

andbythetimlngOflegextension･Italsoclarifiedthatstrongarmpullingandstrong

legextensiondecreasedthee伍cieIICy･Piecesofadvicewereobtainedbreachrun,

referrlngtOthefuzzyrulesandtheiractivations.
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Chapter5

Conclusion

5･1 SummaryoftheDissertation

Nowadays,SCientistsandeIlglneerSareCOIICernedwithsystemsthataretoocomplexto

describewithabasicphysicalmodelinmanyfields･Intheabsenceofthebasicmodel,

itisimportanttoestimateinput-Outputdependencies,buriedinthedatacollectedfrom

SuChcomplexsystems,Withastatisticalmethod･FuzzymodelinglSOneOfthestatis-

ticalmethodstoestimateinput-OutPutdependencies･Themostdistinctiveadvantage

OffuzzymodelinglSitsinterpretabilitybecauseeachbasisfunctionhasinterpretable

discreteexpression･Thefuzzyin鮎reIICeinterpolatessmoothlytheoutputofeachbasis

functionwiththoseofneighboringbasisfunctions.Thediscreteexpressionandthe

SmOOthinterpolatiIlgCaPabilityarecompatible.

ThehierarchicalfuzzymodeliIlgprOPOSed by Matsushita et al.wase鮎ctivebr

StrOnglynonlinearsysteInSWithmaIlylnputVariables.Themainissuesoftllehierar_

ChicalfuzzymodeliIlgWerelnputVariableselectioll,1nputSpaCe(1ivisioIl.Thismethod

SearChedthecombiIlationofinputvariablesaIldnumberofmembershipfuIICtionsat

thesametime･However,theeveIlallocatioIlOfmembershipfunctionsontheuniverse

Ofdiscourseofeachinputvariablemadetllenumberofmembershipfunctionslarger

thanneeded･ThetreetypedivisioIIWanOtapplicabletothismodel.Themodeler

neededtrialanderrorinsettingappropriateweightsonevaluatingfunctionstoobtain

asuitable model.

ThisdissertationproposedIleWhierarchicalfuzzymodelingmethodsuslnggenetic

algorithmiIIChapter2･Intheproposedmethod,thecombinationofinputvariableswas

75
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determiIledbygeneticalgorithm.Twodivisionmethodsofinputspaccwerepresented,

onewasonthegri(トtypedivisionandtheotherwasb･aSedonthetrec-typedivision･

NumericalexperimeIltSShowedthat(1)theproposedgrid-tyPedivisionmethodob-

tainedmoreconcisemodelsthaIltheconveIltionalmethodsdidaIld(2)thetree-tyPe
divisionmethodobtainedmoreconcisemodelsthanthegrid-typedivisionmethoddid.

Multiple-Objectivegeneticalgorithmwasappliedtolニhehierarchicalfuzzymodeling

toobtainvariousmodelshavlngCOnCisenessandpredictiveaccuracydifferentfroIneaCh

other.TheapplicationofInultiple-Objectivegeneticalgorithmmadethemodelerfree

from the trialand error thatllad been needed to set the weights
on the evaluating

functionsappropriately.ThisdissertationproposedtwomethodsofcodingbrMOGA･

ThefirstmethodencodedonlythecombinationofiIlpulヒVariables.Thesecondmethod

encoded thecoInbiIlationofinput variablesaIld theallowablenumberoffuzzy rules.

Anumericalexperimentshowed thesecond method wasable toobtaiIlmOreVarious

models,SprCadwidelyontheParetofront.

Ski11sofathleteswerebcusedinchapters3and4.HumaIlmOtionssuchascycliIlg

androwlngaretyplCalexamplesofsystemsthataredinculttobedescribedmathe-

maticallywithmechanicalmodel.Conventiona11y,Simplemodels,1ikecenterofbody

mass models,Were utilized foranalyses ofhumanbodLy motions.Evenifattentions

hadbeenpayedtomorecomplicatedmodels,theinterpretationofmeasureddatarelied

on theiIltuition ofresearchers and that ofcoaches because the motions were hard to

describeexactly.

AgalnStthedatacollectedfromsuchacomplexsystemlikecyclingandrowlngmO-

tioIl,themodelingInethodsfrorIldatawereeffective.EstimationInethodsofinput-

outputdependencieswerenotwidelyusedforhumaIlmOtioIlanalyses,eXCeptforsta-

tisticalmodelsandneuralIletWOrks.AnystudythatutJilizedfuzzymodels,Whichhad

highiIlterpretability,haveIlOtbeenfound,iIISpiteoftllefinalgoaloftheskillanalyses

Ofathleteshasbeenthedecisionmakingbyhumans.

Chapter3presentedapplicationoffuzzymodelingtobiomechanicsofcyclists.The

relationshipsbetweentheforcepatternsonthepedalandtheoutputpowerofcyclists

Were analyzed.The obtained modelclarified theiInPOrtant factors for the pedaliIlg

technique.Piecesofadvicewereabletobeextractedfromthefuzzymodel.

Chapter4presentedapplicationsoffuzzymodelingtobiomechanicsofrowers.The

hierarchicalfuzzymodeliIlgmethodwasutilizedtoclarifytherelationshipsbetweenthe
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forcepatternsontheoarandtheoutputpowerofrowersinsection4.2.Theobtained

modelrevealedthcnonlinearlnput-OutPutrelationships･ThedepeIldenciesofrowlng

perfbrmanceoIlpartialmotioIISWereaIlalyzedinsection4.4.TheobtaiIledmodels

explicitlyshowedthemutualinteractionbetweeIlthelIlputVariables･IIladdition,

piecesofadvicetoimprovetheperformance(outputvariable)wereextractablefor

eachdatapoint,referrlngtOtheobtainedfuzzyrulesandtheactivationsoffuzzyrules.

Theseapplicationsclearlyshowedadvantagesofapplicationoffuzzymodelingto

humanmotionanalyses.

5･2 FutureOutlookofthisStudy

ThisdissertationpreseIltedIleWfuzzymodelingInethodsanditsapplicationtobiome-

Chanics･Thedistinct昆atureoffuzzymodeliIlglSitsiIlterPretabilityorlglIlatedfromits

discreteexpressionofbasisfunctionsthatiscompatiblewiththesmoothinterpolating

Capability･Thehierarchicalfuzzymodelingmethodprobablyobtainsaninterpretable

modelevenifthesystemisverycomplex･

Thehumanbodyishardtodescribewithamechanicalmodel･Anestimatingmethod

Ofinput-Output dependencies must be used to analyze thedatacollected from the

huInanbody.

Nowadays,COmputerSiInulationenables tovisualize complex mechanicalmodels.

Computersimulationhasalsobeenutilizedinbiomecllanicsfield.

Figure5･1eIlVisionsthefutureresearchproject.Thefuzzymodelingandthecom-

putersimulationworktogether･ThefuzzymodelingfiIldsouttheiIIPut-Outputdepen-

denciesfroInthedata･AIldthefeedbackcaIlbeobtainedfroInthefuzzymodel.A

IleWSetOfparaIneterSOfmotion,SuChasJOinttorq11ePatterIISisgeIlerated,re鮎rrlng

tothefeedback･ThenewsetofparametersislnputtedtocomputersiInulationthat

VisualizesthemotioIlandcalculatestheperforInanCeOfthesimulatedmotioIl.This

COmbiantionisexpectedtomakeabreakthroughfortheanalysISOfbiomechanics.
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Figure5･1:Comt)inatiollOffuzzyrllO(1elingall(1coml)11terSill一一11ation
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