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곡관은 원자력발전소의 배관 시스템의 중요한 요소로 여겨지고 있다.이는 배
관시스템에서 발생하는 앵커반력(anchorreaction force)을 감소나,3차원 배치
(isometricrouting)의 수정에 관계하고 있기 때문이다.하지만 발전소에서의 곡관
은 수많은 열화기구(degradationmechanism)에 직면하고 있고 때문에 다양한 운전
조건에서 붕괴에 대한 안전 마진이 정확히 측정되어야 한다.
본 연구에서는 FuzzyModel과 SupportVectorMachines(SVMs)을 사용하여

다양한 조건들에서 붕괴모멘트를 비선형적이고 시변적인 문제들에 대하여 성공적
으로 사용되었다.감육배관의 붕괴거동은 Subtractiveclusteringmethods에 최적화
된 FuzzyModel과 유전자 알고리즘으로부터 최적화된 SVMs를 통하여 평가되었
다.
FuzzyModel과 SupportVectorRegression(SVRs)모델은 유한요소 모델로부터

얻은 수치데이터에 의하여 개발

・

적용되었고,훈련

・

최적화를 위하여 준비된 데이
터 셋(FuzzyModel-trainingdata,SVRs-training,optimizationdata)으로부터 최적
화 되었다.또한 나머지데이터들은 개발된 모델의 검증을 위하여 시험데이터(test
data)로써 사용되었다.평가 모델들은 각각의 특성을 가지고 있는 세 가지 데이터
셋(extrados,intrados,crawndefect)에 대하여 개발되었다.
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이에 대한 붕괴모멘트의 상대 RMS오차는 FuzzyModel이 훈련데이터에 대하
여 0.5397%,시험데이터는 0.8673%로 나타났고,SVRs모델이 훈련 데이터에 대하
여 0.2333%, 최적화데이터에 대하여 0.5229%, 그리고 시험데이터에 대하여
0.5011%로 나타났다.
이러한 결과로부터 SVRs모델이 FuzzyModel보다 감육배관에 대한 정확한

평가를 위해 사용되기에 충분한 정확도를 가지고 있음을 알 수 있었다.
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III...IIInnntttrrroooddduuuccctttiiiooonnn

Thepipebendsandelbowsareregardedascriticalcomponentsinpiping
systemsbecausetheyareincorporatedintopipingsystemstoallow modification
of the isometric routing and more importantly pipe bends are usually
incorporatedtoreduceanchorreactionforces.Also,thepipebendsandelbows
are capable ofabsorbing considerably large thermalexpansion and seismic
movementthroughtheenergydissipationasaresultoflocalplasticdeformation
sothattheymaintaintheintegrityofpipingsystem undertransientlyloading
conditions[1].However,caremustbetakentoensurethatthecollapseloadis
avoided.Therefore,itisimportanttoaccuratelyestimatethesafetymarginfor
acollapseofpipebendsandelbowsundervariousoperatingconditions.
However,thepipebendsandelbowsinnuclearpowerplantsaresubjected

tovariousdegradationmechanisms.Especially,thewallthinningisconsidered
as an important degradation mechanism in carbon steelelbows [2].The
wall-thinned defectis mainly caused by flow-accelerated corrosion,and it
resultsinreducingfailurepressure,load-carryingcapacity,deformationability,
andfatigueresistanceofpipebendsandelbows.Therefore,itisnecessaryto
investigatetheeffectofwall-thinned defecton thefailurebehaviorofpipe
bendsandelbowsandtoaccuratelyestimatethecollapseloadsofwall-thinned
bendsandelbowsundervariousloadingconditions.
Theobjectiveofthisthesisistopredictthecollapsemomentundera

variety ofloading conditionsby a fuzzy inferencesystem and thesupport
vectormachines(SVMs)usingthemeasureddefectgeometryandistocompare
withthesetwomodels.
Manyartificialintelligencetechniquesincludingneuralnetworksandfuzzy

inferencemethodshavebeensuccessfullyappliedtoalotofnuclearengineering
problemssuchassignalvalidation[3-5],plantdiagnostics[6,7],optimalfuel
loading [8,9],control[10],eventidentification[11,12],andsoforth.Also,the
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fuzzy identification methods have been largely and successfully applied to
system identificationproblemsthatwillbeusedinthisthesis.Therefore,the
fuzzymodelsareappliedinthisthesis.Thefuzzymodelidentificationcanbe
accomplished through clustering ofnumericaldata.A subtractive clustering
methodisusedasthebasisofafastandrobustalgorithm foridentifyingthe
fuzzymodel.
Principalcomponentanalysis(PCA)[13-15]isusuallyusedtoreducethe

dimensionofaninputspacewithoutlosingasignificantamountofinformation.
Also,PCA hasthecharacteristicstoreducetheexcessivesensitivity ofthe
fuzzymodeltoinputvariablechange.Fuzzysystem parametersaretrainedby
two methods.A genetic algorithm is applied to optimize the membership
functionparametersandaleast-squaresalgorithm tooptimizetheconsequent
parametersofthefuzzymodel.
SVMs have been applied forfunction classification problems.However,

alongwiththeintroductionofVapnik’s



-insensitivelossfunction[16],SVMs
also have been extended and widely used to solve nonlinear regression
estimationproblems.InSVM regressiontheconceptistomaptheinputdata
intoahigh dimensionalfeaturespaceandsubsequently carry outthelinear
regressioninthefeaturespace.Inthisthesis,theSVM regressionisusedto
estimatethecollapseloadsofwall-thinnedbendsand elbowsundervarious
loading conditions.A geneticalgorithm optimizessomerelatedparametersof
SVMssothattheSVM regressionmodelhasgoodestimationperformance.
Totrainandtestthefuzzymodel,andalso,tosolvethesupportvectors

and test the support vector regression (SVR) model, the collapse
moment-relateddatashouldbeprovided.Thesedataareobtainedbyperforming
finite elementanalyses (FEAs)forvarious loading conditions and defect
geometries such as the thinning defectlocations ofextrados,intrados and
crown,bendradius,bendangle,wallthicknessatthethinningdefect,thinning
length,thinning angle,internalpressure,and bending modesofclosing and
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opening.Thecollapsemomentispredictedusingtheseloadingconditionsand
defectgeometriesastheinputsintothetwomodels.



- 4 -

IIIIII...CCCaaalllcccuuulllaaatttiiiooonnnooofffttthhheeeCCCooollllllaaapppssseeeMMMooommmeeennntttUUUsssiiinnngggFFFEEEAAA

Inordertoevaluatethecollapsemomentofwall-thinnedpipebends,the
nonlinearthree-dimensionalfiniteelementanalysisisperformed.Fig.1depicts
thefiniteelementmeshesusedin theanalysis.Twenty nodesolidelements
with a reduced integration orderare used to modelthe bend and pipes.
Considering geometricalsymmetry,oneforthofthebendismodeledforthe
intradosandextradoswall-thinningdefectsandahalfofthebendismodeled
foracrownwall-thinningdefect.Thepipebendisdiscretisedwith8elements
alongthestraightpipe,14elementsalongthebend,3elementsacrossthepipe
thickness,and20elementsalongthecircumferenceforthequartermodeland
40elementsalongthecircumferenceforthehalfmodel.Theendofthestraight
pipesisend-cappedbyabeam toapplyabendingmomentandaninternal
pressure;thisismodeledbytwolayersofsolidelements.Thebendingmoment
isappliedasanin-planerotationaldisplacementtotheartificialcenternode
thatisassignedamultipointconstraintattheendplaneofthebeam.Thus,the
momentand end-rotation can be obtained from the reaction momentand
rotationaldisplacementatthisnode.Theinternalpressureisapplied tothe
innersurfaceofthebend,straightpipe,andend-cappedbeam asadistributed
load.
Accordingtopriorstudies,thecollapsemomentofpipebendsandelbows

containing crack-likedefectsdependson mesh patterns[17,18].Butagross
structuralbehaviorofdefect-freepipebendsand elbowsdoesnotstrongly
dependonmeshpatterns[19].Consideringthecharacteristicofwall-thinning
defectswhichhaveasmooththree-dimensionalshapeasshowninFig.1,itis
expectedthatthegrossbehaviorofwall-thinnedpipebendsissimilartothat
ofdefect-freepipebendsratherthancrackedpipebends.Thus,comparedtothe
finiteelementanalysesforthecollapseofdefect-freepipebends[19,20],the
meshpatternsusedforthisstudywouldbesufficienttoevaluatethecollapse
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behaviorofwall-thinningpipebendsandelbows.

Fig.1.Finiteelementmodelusedinthefiniteelementanalysis.

General-purposefiniteelementanalysisprogram,ABAQUSprogram isused
forthisstudy.A formerfiniteelementanalysisshowedthattheconsideration
ofgeometricalnonlinearityinthefiniteelementanalysisisveryimportantfor
precisedeterminationofpipebenddeflectionundervariouscombinationsofthe
closingandopeningmodebendingandinternalpressure[19].Therefore,both
geometricandmaterialnonlinearityareconsideredinthisanalysis.Theyield
stressandultimatetensilestressofselectedmaterialofthebendandattached
pipesare302MPaand450MPa,andtheelasticmodulusandthePoissonratio
are206GPaand0.3,respectively.Fig.2showsatruestress-truestraincurve
usedintheanalysis.
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Fig.2.TruestressversustruestraincurveusedinFEAs.

AAA...AAAnnnaaalllyyysssiiissscccooonnndddiiitttiiiooonnn
Thecarbonsteelbendsthathaveouterradius(



)of400mm andnominal
thickness(



)of20mm areselectedfortheanalysis.Thebendangle(



)and
bend radius ratio (



) considered are 30〫,60〫,and 90〫 and 3 and 6,
respectively(refertoFig.3).Thebendsandelbowsareconnectedtostraight
pipeswithlengthsequaltotentimesthemeanradius(



)ofthebendto
permitfreeovalizationofendsectionofthebends.Thewall-thinningdefects
arelocatedattheintradosandextradoscenterlinesofthepipebend,andthe
axialandcircumferentialshapesofdefectsarecircular.
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Fig.3Definitionofdimensionsofwall-thinneddefectsinpipebends.

Table1.Analysisconditionsforwall-thinnedpipebends.

Thinning
Location

Bend
Radius
(



)
Bendigle
(deg)

DefectGeometry Load

 

  


Bending
Mode

Pressure
[MPa]

Extrados
Intrados
crown

3.0
6.0

30
60
90

0.25
0.5
1.0
1.5
2.0

0.233
0.466
0.699

0.0625
0.125
0.25
0.50

Closing
Opening

0
5
10
15
20

In the analysis,various loading conditions and defect geometries are
consideredassummarizedinTable1.Inthetable,



istheminimum thickness
ofthe thinned area,



is the equivalentthinning length,and



is the
circumferentialhalfangleofthethinningdefect.Thecombinedinternalpressure
andbendingloadsareconsideredasanappliedload.Aninternalpressureof0
to20MPaisused,andeitherclosing-oropening-modein-planebendingis
appliedataconstantinternalpressure.
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BBB...CCCooollllllaaapppssseeeMMMooommmeeennnttt
Thecollapsemomentofthebendssubjectedtoin-planebendingcanbe

definedbyvariousmethods.Inthisstudy,thecollapsemoment(


)ofthe
bends was obtained using the twice-elastic slope (TES)method from the
moment(



)versusrotationcurve(



),asillustratedinFig.4.Thismethodis
theeasiesttouse,itsresultsarethemostreproducible[17,18],andalsoitis
recommendedbyASME.WhentheintersectionbetweenTESlineandmoment
versusrotationcurvewaslocatedbeyondthemaximum moment,thecollapse
momentwasdefinedasmaximum moment.

M
om

en
t, 

M

Rotation, ρ

CM

θ

)tan2(tan 1 θψ −=

M
om

en
t, 

M

Rotation, ρ

θ

CM

)tan2(tan 1 θψ −=

(a) Case1 (b) Case2
Fig.4.Illustrationofcollapsemomentdefinition.
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In this study,both the fuzzy modelbased on a subtractive clustering
methodandtheSVM regressionmodeloptimizedbygeneticalgorithm areused
topredictthecollapsemomentofthewall-thinedpipebends

AAA...FFFuuuzzzzzzyyyMMMooodddeeelll
111...PPPrrriiinnnccciiipppaaalllCCCooommmpppooonnneeennntttaaannnaaalllyyysssiiisss
PCA isusuallyusedtoreducethenumberofinputvariablesintothefuzzy

models.Thelowerdimensionalinputspacehasamerittoreducethetime
necessary totrain thefuzzy models.PCA can facilitatetheselectionofthe
inputsignalstothefuzzyinferencesystem.Also,PCA hasthecharacteristics
toreducetheexcessivesensitivityofthefuzzymodelstoinputvariablechange
becauseithasthecharacteristicsofsmoothingsignalsandeliminatingnoises.
Inthisthesis,themainpurposeofPCA applicationistoreducethesensitivity.
PCA istomapamulti-dimensionaldatasetintoalowerdimensionalspace

whileminimizing thelossofinformation.Thebasicidea isto projectthe
originalspace



ontoalowerdimensionallinearsubspace



spannedbythe
eigenvectorsofthecovariancematrixcorrespondingtothelargesteigenvalues.
Givenasetofsignals

   ⋯  

where



isa

×

matrixofwhich
elements consistof



samples of



signals,its true covariance matrix is
replacedwiththesamplecovariancematrix



becauseitisseldom known.The
eigenvaluesandtheorthonormaleigenvectorsofthecovariancematrix



are
calculated,andthentheeigenvaluesarearrangedaccordingtotheirmagnitude,

 ≥  ≥ ⋯ ≥ 

.The respective eigenvectors

  ⋯ 

are called the
principalcomponents.The eigenvalues are proportionalto the amount of
variance (information)represented by the corresponding principalcomponent.
Thetransformationtotheprincipalcomponentspacecanbewrittenas:
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, (1)
where

   ⋯   

and
   ⋯  

.
Thefeaturematrix



canbetransformedbackintotheoriginaldata
withoutalossofinformationaslongasthenumberoffeatures,



,isequalto
thedimensionoftheoriginalspace,



.For

 

,someinformationisusually
lost.Theobjectiveistochooseasmall

m

thatdoesnotlosemuchinformation.
Inthisthesis,thefeaturevectorthatiscalculatedbyEq.(1)isusedasinput
tothefuzzymodel.

222...SSSuuubbbtttrrraaaccctttiiivvveeecccllluuusssttteeerrriiinnngggbbbaaassseeedddfffuuuzzzzzzyyymmmooodddeeelll
A fuzzymodelbasedonasubtractiveclusteringmethodisusedtopredict

the collapse momentofthe wall-thinned pipe bends.The fuzzy modelis
constructedfrom acollectionoffuzzy rules.Theinputsandoutputsof
thefuzzymodelarereal-valuedvariables.Therefore,insteadofconsideringthe
Mamdani (1975) type fuzzy if-then rules that requires time-consuming
defuzzificationcalculation,aTakagi-Sugeno(1985)typefuzzyinferencesystem
isusedwherethe



-thfuzzyrulefor



-thtimeinstantdataisdescribedas
follows:

    

 ⋯     

 

      ⋯   

(2)

where



istheinputlinguisticvariabletothefuzzyinferencesystem (



=1,2,
… ,



;



=thenumberofinputvariables),




themembershipfunctionofthe



-thinputvariablefortheantecedentofthe



-thfuzzyrule(



=1,2,… ,



;



=
thenumberofrules),and

 

theoutputofthe



-thfuzzyrule.InEq.(2),the
partisfuzzylinguistic,whilethe partiscrisp.
Thefuzzymodelidentificationcanbeaccomplishedthroughclustering of

numericaldata.A subtractiveclustering(SC)methodisusedasthebasisofa
fastandrobustalgorithm foridentifyingafuzzymodel[21]andassumesthe
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availability of


input/output training data
  

where

       ⋯      
…


.Itisassumedthatthedatapoints
havebeennormalizedineachdimension.Themethodstartsbygeneratinga
numberofclustersin the

×

dimensionalinputspace.TheSC method
considerseachdatapointasapotentialclustercenterandusesameasureof
thepotentialofeachdatapoint,whichisdefinedasafunctionoftheEuclidean
distancestoallotherinputdatapoints[21]:

   
  




 ∥  ∥



   
…


(3)

where



isaradius,defininganeighborhood,whichhasconsiderableinfluenceon
thepotential.Obviously,thepotentialofadatapointishighwhenitissurrounded
bymanyneighboringdata.

Theprocedureofthesubtractiveclusteringincludesthefollowingsteps:
(i) AfterthepotentialofeverydatapointhasbeencomputedbyEq.(3),the
datapointwiththehighestpotentialisselectedasthefirstclustercenter.
Let



bethelocationofthefirstclustercenterand




beits
potentialvalue.

(ii) Anamountofpotentialissubtractedfromeachdatapointasafunctionof
itsdistancefrom thechosenclustercenter.Thedatapointsnearthe
clustercenterwillhavegreatlyreducedpotential,andthereforeareunlikely
tobeselectedasthenextclustercenter.Ingeneral,afterthe



-thcluster
centerhasbeenobtained,thepotentialofeachdatapointisrevisedbythe
followingequation:

     


 ∥  
∥






   
…


(4)
where



isthelocationofthe



-thclustercenterand




isits
potentialvalue.



isalsoaradius,usuallygreaterthan



inordertolimit
thenumberofgeneratedclusters.Whenthepotentialofalldatapoints
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havebeenrevisedaccordingtoEq.(4),thedatapointwiththehighest
potential(afterthissubtraction)isselectedasthenextclustercenter.

(iii)Iftheinequality


   

istrue,thesecalculationsstop,elsethese
calculationsarerepeated.Theparameter



isadesignparameter,which
controlsthenumberofgeneratedclusterswhichisthenumberoffuzzy
rules,



.

Whentheclusterestimationmethodisappliedtoacollectionofinput/output
data,eachclustercenterisinessenceaprototypicaldatapointthatexemplifies
acharacteristicbehaviorofthesystem andeachclustercentercanbeusedas
thebasisofafuzzy rulethatdescribesthesystem behavior.Therefore,a
completefuzzysystem identificationalgorithm canbedevelopedbasedonthe
resultsoftheSC technique.A numberof



Takagi-Sugenotypefuzzyrules
canbegenerated,wherethepremisepartsarefuzzysets,definedbythecluster
centers thatare obtained by the SC algorithm.The membership function




ofaninputdatavector



toaclustercenter



canbedefinedas
follows:


  

 ∥  
∥






, (5)
The fuzzy inference system output



is calculated by the weighted
averageoftheconsequentpartsofthefuzzyrulesasfollows:

 


  







  






. (6)

Thefunction



isapolynomialintheinputvariables,butitcanbe
anyfunctionaslongasitcanappropriatelydescribetheoutputofthefuzzy
inferencesystem withinthefuzzyregionspecifiedbytheantecedentoftherule.
Whenthefuzzyruleoutputisofthefollowingform:
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, (7)

where



=weightingvalueofthe


-thinputonthe


-thfuzzyruleoutput,



=biasofthe



-thfuzzyruleoutput,
thefuzzyinferencesystem iscalledafirst-orderTakagi-Sugeno(1985)type
fuzzymodelsincetheoutputofanarbitrary



-thfuzzyrule,



,isrepresentedby
thefirst-orderpolynomialofinputsasgiveninEq.(7).
Therefore,theoutputofthefuzzymodelgivenbyEq.(6)canberewritten

as

  
  



   

, (8)

where


 


  









,

  ⋯  ⋯ ⋯  ⋯   ⋯  


,

     ⋯    ⋯⋯    ⋯       ⋯   

   
…



.
Thevalue

 

isthenormalizedfiringlevelofthe



-thfuzzyrule.Fora
seriesofthe



input/outputdatapairs,thefollowingequationisderivedfrom
Eq.(8):

 

, (9)
where

  ⋯  

,

  ⋯  

.
Thevector



iscalledtheconsequentparametervector,andthematrix



consistsoftheinputdataandthemembershipfunctionvalues.A seriesofthe
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outputofthefuzzymodelisrepresentedbythe
×
-dimensionalmatrix



andthe
 

-dimensionalparametervector


.

333...FFFuuuzzzzzzyyymmmooodddeeellloooppptttiiimmmiiizzzaaatttiiiooonnn
Thefuzzymodelshouldbeoptimizedtoaccomplishthedesiredperformance.

The optimization is accomplished by a genetic algorithm combined with a
least-squaresmethod.Thegeneticalgorithm isused tooptimizethecluster
radii,



and



,forthesubtractiveclusteringofnumericaldata,andtheleast
squaresalgorithm isusedtocalculatetheconsequentparameters,



and



.
Compared totheconventionaloptimization methodsthatmovefrom one

pointto another,genetic algorithms startfrom many points simultaneously
climbing many peaks in parallel.Accordingly,genetic algorithms are less
susceptibletobeing stuckatlocalminimathanconventionalsearchmethods
[22,23].Also,the genetic algorithm is the most usefulmethod to solve
optimizationproblemswithmultipleobjectives.Ingeneticalgorithms,theterm
chromosome refers to a candidate solution thatminimizes a costfunction,
generallyencodedasabitstring.Asthegenerationproceeds,populationsof
chromosomes are iteratively altered by biologicalmechanisms inspired by
naturalevolution such as selection,crossover,and mutation.The genetic
algorithmsrequireafitnessfunctionthatassignsascoretoeachchromosome
(candidatesolution)inthecurrentpopulation,andmaximizethefitnessfunction
value.The fitness function evaluates the extentto which each candidate
solutionissuitableforspecifiedobjectives.
Theproblem oflearningasmoothmappingfrom datasamplesisill-posed

inthesensethatthereconstructedmappingisnotunique.Constraintscanbe
imposedtothemappingtomaketheproblem well-posed.Typicalconstraints
are smoothness and piecewise smoothness.This method to exchange an
ill-posed problem into a well-posed one is called regularization [24,25].
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Regularization isa well-known method forthetreatmentofmathematically
ill-posed problems.Ithas been applied successfully to numerous machine
learning problems including the avoidance ofoverfitting in neuralnetwork
training.Inthisthesis,theregularizationisaccomplishedbymakingthefuzzy
modelhavesmallerconsequentparameters,whichcausesthefuzzymodelto
respondsmootherandlesslikelytooverfit.Inthisthesis,thespecifiedmultiple
objectivesaretominimizearootmean squarederroralong with thesmall
consequent parameters. Therefore, the following multiple objectives are
suggested:

    

, (10)
where



and



aretheweightingcoefficients,and



and



haveaconceptof
energydefinedas

 






  





, (11)

  






. (12)

Thevariables



and



denotetheactualmeasuredsignalandthe
signalestimated by the fuzzy model,respectively.



is the number of
consequentparameters,



and



,thatis,thenumberoftheelementsofthe
vector



.



isintroducedfortheregularizationoftheinput.Thesmallerthe
consequentparameters,betterisgeneralizationcapability ofthefuzzy model.
Thefitnessfunctiondependsstronglyontherelativevalueof



.Theratio



isiterativelyalteredinthetrainingstagebythevaluesof



and



so
thatthebestchromosomewiththemaximum fitnesskeepsthespecifiedrelative
magnitudeoftwotermsof



and



inEq.(10).
Sincethegeneticalgorithm requiresmuchcomputationaltimeifthereare

many parameters involved, the genetic algorithm is combined with a
least-squaresalgorithm.Ifsomeparametersofthefuzzymodelarefixedbythe
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geneticalgorithm,theresultingfuzzymodeloutputcanbedescribedasaseries
ofexpansionsofsomebasisfunctions.Thisbasisfunctionexpansionislinear
initsadjustableparametersasshowninEq.(8)since

 

hasbeenknown
bythegeneticalgorithm.Therefore,theleast-squaresmethodcanbeusedto
determinetheconsequentparameters.Theconsequentparameters



arechosen
tominimizethefollowingcostfunctionincludingthesquarederrorbetweenthe
targetoutput



andtheestimatedoutput



:

 



, (13)

where

   ⋯  

.
Thesolutiontominimizetheabovecostfunctioncanbeobtainedby

 

. (14)
Theparametervector



in Eq.(14)can besolved easily by using the
pseudo-inverseofthematrix



.
Figure5 showstheautomaticoptimizationprocedureofthefuzzymodel
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Subtractive clustering
for membership function optimization
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Genetic operation such as selection,
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for consequent parameter calculation

Fuzzy model identification

Fig.5.automaticoptimizationprocedureofthefuzzymodel.
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BBB...SSSVVVRRRMMMooodddeeelllsss
A relatively new promising method forlearning separating functions in

pattern recognition problems or for performing functional estimation in
regression problems is the supportvectormachine.SVMs representnovel
learningtechniquesthathavebeenintroducedintheframeworkofstructural
risk minimization (SRM).Thatis,unlikeclassicaladaptation algorithmsthat
workinan



or



norm andminimizetheabsolutevalueofanerrororof
anerrorsquare,theSVM performsSRM.Inthisway,itcreatesaregression
modelwith theexpected probability oferrorforregression problems,which
meansgoodperformanceonunseendata.Thispropertyisofparticularinterest
tothesoftcomputingfieldbecausethemodelthatgeneralizeswellisagood
modelandnotthemodelthatperformswellontrainingdatapairs[26].

111...SSSVVVRRRMMMooodddeeelllsss
In generalregression learning problems,the learning machine is given

trainingdata,from whichitattemptstolearntheinput-outputrelationship.The
basicconceptoftheSVM regressionistononlinearlymaptheoriginaldata



intoahigherdimensionalfeaturespace.Hence,givenasetofdata

   



where



istheinputvectortosupportvectormachines,



istheactualoutput
valueand



isthetotalnumberofdatapatterns,theSVM regressionfunction
considersapproximationfunctionsoftheform

    
  



  

, (15)

where



iscalledthefeaturethatisnonlinearlymappedfromtheinputspace



,

  ⋯ 


,and

   ⋯ 


.Thesupportvectorweight



andabias



arecalculatedbyminimizingthefollowingregularizedriskfunction:

  



  



  

, (16)



- 19 -

where

          
   

(17)

Here,


and


areuser-specifiedparametersand
   

iscalledthe
-insensitivelossfunction(refertoFig.6)[16].Thelossisequaltozeroifthe

differencebetweentheestimated



andthemeasuredvalueislessthanan
errorlevel



.Vapnik’s



-insensitivelossfunctiondefinesan



tube(seeFigs.6
and7).Iftheestimatedvalueiswithinthetube,thelossiszero.Notethatfor

  

,Vapnik’s



-insensitivelossfunctionisequivalenttotheabsoluteerror(



norm)function.
Theregularizedriskfunctioncanberewrittenbythefollowingconstrained

form:

   



  



 
 

, (18)

underconstraints











   ≤  

   ≤  


   ⋯
   ⋯

  
 ≥     ⋯

(19)

wheretheconstant



determinesthetrade-offbetweentheflatnessof



(the
weightsvectornorm)andtheamountuptowhichdeviationslargerthan



are
tolerated, and

   ⋯  

and

  
 

 ⋯ 
 

are slack variables
representing theupperand lowerconstraintson theoutputsofthesystem,
respectively.Bothslackvariablesarepositivevalues.
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and



forSVR

Thesolutiontotheconstrainedoptimizationproblem isgivenbythesaddle
pointoftheLagrangefunctional:
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(20)

The above equation is minimized with respectto the primalvariables

   


,and then maximized with respectto the nonnegative Lagrangian
multipliers


  



.Theminimum withrespectto

   


oftheLagrange
functionalprovidesthefollowingconditions:

 
  




 

, (21)


  




   

,

       ⋯

,

 
 

     ⋯

.
TheLagrangefunctionalcan berewritten by using theaboveminimum

conditionsasfollows:


   

  




  

  




  



  




  




  

   

,

(22)

underconstraints












  




   

 ≤  ≤    ⋯

 ≤ 
 ≤    ⋯

(23)

By solving the above equation with standard quadratic programming
technique,thevaluesof

 


arefoundout.BysubstitutingEq.(21)intoEq.
(15),theregressionfunctionbecomes

    
  




     

  




   

, (24)
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where
    

iscalledthekernelfunction.Anumberofcoefficients




arenonzero valuesand thecorresponding training data pointshave
approximationerrorequaltoorlargerthan



.Theyarecalledsupportvectors.
Thebias



iscalculatedas

  


  




   

, (25)

where



and



aresupportvectors.
The two mostrelevantdesign parameters forthe SVR modelare the

insensitivity zone



and theregularization parameter



.An increaseofthe
constant



penalizeslargererrors,whichleadstoadecreaseofapproximation
error.Thiscanalsobeachievedonlybyincreasingtheweightsvectornorm.
However,anincreaseintheweightvectornorm doesnotmakesureofthe
goodgeneralization performanceofamodel.An increasein theinsensitivity
zone



meansareductioninrequirementsfortheaccuracyofapproximation
and it also decreases the number of support vectors,leading to data
compression.Anincreasein



hassmoothingeffectsonmodelinghighlynoisy
polluteddata.

222...GGGeeennneeetttiiicccoooppptttiiimmmiiizzzaaatttiiiooonnn
TheSVRmodelisobtainedbylearningfrom experimentaldataandshould

beoptimizedtomaximizetheestimationperformance.Theexperimentaldataare
dividedintothreekindsofdatasetssuchasthetrainingdata,theoptimization
data,and thetestdata.Thetraining dataisused tosolvethecoefficients




andthebias



inEq.(24).Theoptimizationdataisusedtooptimizethe
designparametersofSVR modelsbyageneticalgorithm andtodeterminean
additionalparameterforsamplingthetrainingdata.Thetestdataisusedto
verifythedevelopedSVRmodels.
Regardingtheselectionofthetrainingdatafrom allthegivendata,sincea
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lotofdataclusteronthemeanvalueofthecollapsemomentandtheyareless
informative,eachdatapointthatislocatedfarawayfrom themeanvaluehasa
high probability ofbeing selected forthetraining data.Thatis,a random
number



isgeneratedforeachdatapointandifthisrandom numbersatisfies
thefollowingrelationship,thedatapointisselectedasthetrainingdata:











        





   ⋯

     

(26)

where



isauniformlydistributedrandom number,



isthenormalizedcollapse
momentthathaszeromeanvalue,andtheparameter



thataffectsthenumberof
thetrainingdataisdeterminedbythegeneticalgorithm.Theoptimizationdatais
electedeverysixtimefrom theremainingdatathatthetrainingdataisexcluded.
Thatis,theoptimizationdatasetcomprisesfourfifthoftheremainingdatapairs
thatthetrainingdataisexcludedandthetestdatasetconsistsoftheremaining
data.
Theoptimization isaccomplished by a genetic algorithm suitablefora

multi-objective function. The genetic algorithm is used to optimize the
insensitivityzone

ε

,theregularizationparameter



,thesharpnessoftheradial
basiskernelfunctiontobeusedinthisthesis,andanadditionalparameter(



in Eq.(26))forsampling thetraining data from theacquired data.These
parameters are notcompletely independent but affect one another.These
parametersareoptimizedsothatthefitnessfunctionbelow ismaximized.
Sincethegeneticalgorithm optimizesfourparameters,each chromosome

has fourparameters encoded as a bitstring.In this thesis,the specified
multipleobjectivesaretominimizearootmeansquarederroralongwiththe
small maximum error. Therefore, the following multiple objectives are
suggested:
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, (27)

where


,


,


and


aretheweightingcoefficients,and


,


,


and
haveaconceptofenergydefinedas

  






  



 




, (28)

  






  




 




, (29)

   

, (30)

   

. (31)

The variables



and



denote the FEA outputand the output
estimatedbytheSVRmodel,respectively.Thesubscripts,



and



,indicatethe
trainingdataandtheoptimizationdata,respectivelyand



and



represent
thenumbersofthetrainingdataandtheoptimizationdata.Fig.8showsthe
automaticoptimizationproceduresoftheSVRmodel.
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IIIVVV...AAAppppppllliiicccaaatttiiiooonnntttooottthhheeeCCCooollllllaaapppssseeeMMMooommmeeennntttEEEssstttiiimmmaaatttiiiooonnn

Firstofall,necessarydatahavetobepreparedtodevisefuzzymodeland
SVRmodelsforestimatingthecollapsemomentofwall-thinnedpipebendsand
elbows.Sincethesufficientrelatedfielddataofnuclearpowerplantsdidnot
exist,asdescribed in Chapter2,finiteelementanalyseswereperformed to
provide the data needed fordeveloping the each models foreach loading
conditionanddefectgeometrycase.
Inthisstudy,therangesoftheinputsignalsformodelsaredescribedin

Table1.Theprovideddataconsistofatotalof3712input-outputdatapairs

 ⋯  

composedof1700extradosdefectlocationcases,1700intrados
cases,and312crowncases.Thecharacteristicofthecollapsemomentismuch
differentaccording to the three wall-thinned defectlocations ofextrados,
intrados,and crown,which is represented by



.Therefore,the data are
classified into the three classes ofdefectlocations and three models are
designedforthethreeclasses,respectively.Theinputsignals,



through



,
indicatethebend radius,bend angle,wallthicknessatthethinning defect,
thinninglength,thinningangle,internalpressure,andbendingmodesofclosing
andopening,respectively.



istheFEA outputwhich indicatesthecollapse
moment.
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AAA...FFFuuuzzzzzzyyyMMMooodddeeelll

Thethreefuzzymodelsaretrainedforthreekindsofdatasetsdividedinto
the extrados,intrados and crown defectlocations,respectively,which has
smallererrorscomparedwithresultsusingonlyonedataset.Thenumbersof
rulesofthethreefuzzymodelsareautomaticallydeterminedbythesubtractive
clustering method.The antecedentparameters such as membership function
parametersaredeterminedthroughclusterradiusoptimization by thegenetic
algorithm and the consequentparameters



and



are optimized by the
least-squaresmethod.TheinputstothefuzzymodelsarepreprocessedbyPCA
andthetransformedinputsignalsareappliedtothefuzzymodels.
Figure9showstheestimationerrorhistogramsofthetraining andtest

dataforanextradosdefectlocation.TherelativeRMSerrorsare0.5476% for
thetrainingdataand0.8095% forthetestdata.Figure10showstheestimation
errorhistogramsofthetrainingandtestdataforanintradosdefectlocation.
TherelativeRMSerrorsare0.5035% forthetrainingdataand0.9354% forthe
testdata.Figure11showstheestimationerrorhistogramsofthetrainingand
testdataforacrowndefectlocation.TherelativeRMSerrorsare0.6717% for
thetrainingdataand0.7841% forthetestdata.Althoughalittledifferenceis
foundoutamongtheRMSerrorsofthethreedefectlocations,theirestimation
performances are almost similar.Figure 12 shows the collapse moment
histograms and the targetand estimated collapse moment,and also their
estimationerrorsofthetrainingandtestdataincasethatthethreeextrados,
intrados,andcrowndefectsareconsideredtogether.TherelativeRMS errors
are0.5397% forthetraining dataand0.8673% forthetestdata.From this
figure,itisshownthatalthoughthemaximum errorislargeatsomedefect
cases,themaximum errorcandecreaseifthedefectconditionschangealittle
duringthecollapsemomentmonitoring.
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Fig.9.Estimationperformanceofthefuzzymodelforextradosdefects.
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Fig.12.Continued.
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Table2summariestheestimationresultsofcollapsemomentsbythefuzzy
models.Thefuzzy modelshavesimilarestimationperformanceforthethree
defectlocations.Also,itisknownthattheRMSerrorofthefuzzymodelsfor
thetestdataisonlyalittlegreaterthantheRMSerrorforthetrainingdata.
Therefore,ifthefuzzyneuralnetworksaretrainedfirstusingdataforavariety
ofloadingconditionsanddefectgeometrycases,theycanaccuratelyestimate
thecollapsemomentforanyotherdefectcases.

Table2.Estimationresultsofcollapsemomentbythefuzzymodel.

Extrados 
defects

Intrados 
defects

Crown Total

fitness 0.9462 0.9504 0.9344

Number of rules 
(input)

40(7) 54(7) 5(6)

Training 
data

Relative 
maximum 
error (%)

5.3760 3.6368 4.7385 5.3760

Relative 
RMS error 

(%)
0.5476 0.5035 0.6717 0.5397

Test 
data

Relative 
maximum 
error (%)

4.5134 6.0006 2.3344 6.0006

Relative 
RMS error 

(%)
0.8095 0.9354 0.7841 0.8673
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BBB...SSSVVVRRRmmmooodddeeelll
In the SVR models,the inputs are normalized so thatthey have a

standarddeviationofoneandameanofzeroandthenormalizedinputsignals
areappliedtotheSVRmodels.Thekernelfunctionsusedinthisthesisarethe
followingradialbasisfunctions:

 
  

 
  

 
. (32)

TheSVR modelsareoptimizedbyageneticalgorithm withchromosomes
ofwhich componentsconsistsoftheinsensitivity zone



,theregularization
parameter



,andthesharpness(



)oftheradialbasiskernelfunctionofthe
SVR models,and an additionalparameter(



in Eq.(26))forsampling the
trainingdatafrom theacquireddata.
Fig.13showsthecollapsemomenthistogramsandthetargetandestimated

collapsemoment,and also theirestimation errorsofthe training data,the
optimizationdata,andtestdataincasethatthethreeextrados,intrados,and
crowndefectsareconsideredtogether.
Table3summariestheestimationresultsofcollapsemomentsbytheSVR

models.TheSVR modelshavesimilarestimation performanceforthethree
defectlocations.TherelativeRMS errorsare0.2333% forthetraining data,
0.5229% forthe optimization data,and 0.5011% forthe testdata and the
maximum erroris2.8641%.Also,itisknownthattheRMSerrormagnitudeof
theSVRmodelsforthetestdataisalmostsimilartothatfortheoptimization
data.Therefore,iftheSVRmodelsareoptimizedfirstusingdataforavariety
ofloadingconditionsanddefectgeometrycases,theycanaccuratelyestimate
thecollapsemomentforanyotherdefectcases.
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Table3.OptimizedparametersofSVRmodels.

Parameters
Defect
location

Insensitivity
zone(



)
Regularization
parameter(



)
Thesharpnessof
theradialbasis
kernelfunction(



)
A parameterrelated
toselectingthe
trainingdata(



)

Extrados 4.7545×10-2 609.34 1.0046 0.4285

Intrados 4.7540×10-2 742.94 1.2546 0.4285

Crown 4.5353×10-2 1723.7 2.7973 0.4798
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Table4.EstimationresultsofthecollapsemomentsbytheSVRmodels.

Defectlocation Extrados Intrados Crown Total

Fitness 0.5592 0.6247 0.8993 -
Number(No.)ofsupport

vectors 643 618 194 -

Training
data

No. 1236 1307 279 2822
Relative
RMSError
(%)

0.2232 0.2522 0.1782 0.2333

Relative
maximum
error(%)

0.4033 0.4558 1.4988 1.4988

Optimization
data

No. 386 327 27 740
Relative
RMSError
(%)

0.5031 0.5596 0.2894 0.5229

Relative
maximum
error(%)

2.8641 2.4783 0.7488 2.8641

Testdata

No. 78 66 6 150
Relative
RMSError
(%)

0.4952 0.5293 0.0850 0.5011

Relative
maximum
error(%)

1.7341 1.5878 0.1261 1.7341
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VVV...CCCooonnncccllluuusssiiiooonnn

Twononlinearregressionmodelsusingartificialintelligencehavebeenused
toestimatethecollapsemomentduetothewall-thinneddefectsofbendsand
elbowsin piping systems.Thedeveloped modelshavebeen applied to the
numericaldataobtainedbythefiniteelementanalysis.
Inthefuzzymodel,thePCA wasusedtopreprocesstheinputsignalsto

thefuzzy modeland thefuzzy modelsweretrained by using thedataset
preparedfortraining(trainingdata)andverifiedbyusinganotherdataset(test
data)different(independent)from thetrainingdata.Also,threefuzzymodels
weretrained forthreedatasetsdivided intothethreeclassesofextrados,
intrados,and crown defects.The relative RMS errors are 0.5397% forthe
trainingdataand0.8673% forthetestdata.TheRMSerrorforthetestdatais
onlyalittlegreaterthantheRMSerrorforthetrainingdata.
IntheSVRsmodel,threeSVR modelshavebeendevelopedforthreedata

setsdividedintothethreeclassesofextrados,intrados,andcrowndefects.The
SVR modelsweretrainedbyusingthedatasetpreparedfortraining(training
data),optimizedby theoptimizationdataset,andverifiedbyusing thetest
datasetindependentfrom thetraining dataand theoptimization data.The
relativeRMSerrorsare0.5229% fortheoptimizationdataand0.5011% forthe
testdata.TheRMS errormagnitudeoftheSVR modelsforthetestdatais
similartothatfortheoptimizationdata.
Thecollapsemomentwaswellestimated by using thesstwo methods.

Also,itwasknowninthisstudythattheSVR modelscanmoreaccurately
estimatethecollapsemomentthanthefuzzymodelcan.
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