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록

안 필수계통,설비의 상태 조기 진단을 한

스마트 측정 기술 개발

박 순 호

지도 교수 :나 만 균

원자력공학과

조선 학교 학원

원자력발 소는 설계기 사고가 발생하더라도 원자로를 안 한 상태로 유지 리될

수 있도록 공학 안 설비가 설치되어있다.그러나 TMI,체르노빌 사고에서 보듯이

사소한 고장 오동작 그리고 운 원의 인 실수가 결합하여 엄청난 사고가 발생하

는 경우를 경험한 바 있다.

최근 일본 후쿠시마 원자력발 소 사고에서 보듯이 외부사건에 의한 사고 발생

시 원자로 상태를 정확하게 알아내지 못하는 상황에 처하게 되어,사고 평가 시나

리오 진행에 해 측하지 못하는 상황에 도달하게 되었다.이는 필수안 기능

을 수행하는 안 필수계통 혹은 설비의 상태를 지시해 주는 계측기가 외부의 향(쓰

나미)으로 인한 침수의 여 로 소 내외 정 을 일으켜 무용지물이 되었기 때문이다.

만일 사고 진행,시나리오 원자로 상태를 정확히 측할 수 있었다면 상황에 맞는

한 처를 통하여 더 큰 사고로의 진행을 미연에 방지할 수 있을뿐더러 사고 리

를 효율 으로 수행할 수 있었을 것이다.따라서 정보기술에서 발 되어온 스마트센싱

기술을 활용하여 원자력발 소의 주요 상태 진단에 용하 다.

안 련 변수는 원자력발 소의 상태는 확인하는데 매우 요하다.특히,원자로 수

는 원자로 냉각 시나리오 진행을 나타내는 요한 시 (원자로 노심 노출,원자

로 용기 손 등)에 직 인 향을 미친다.이에 따라,본 연구에서는 원자로 수 를

측정 할 수 없는 심각한 사고 조건에서 FNN 방법과 GMDH 방법을 이용하여 원자로

수 측 모델을 개발하 다. 측 모델은 학습 데이터를 이용하여 개발 하고 독립
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인 시험 데이터를 이용하여 검증을 수행하 으며,모델 개발과 검증을 한 DB는

MAAP4코드를 이용하여 한국표 형원 (OPR1000)을 상으로 하는 시뮬 이션을 통

해 구축 하 다.원자로 수 측 성능은 매우 만족스러우며,입력신호에 오류가 존재

할 경우 수 측에 미치는 향을 평가하기 해 인 인 오류가 포함된 데이터를

사용하 다.

개발된 측 모델은 센서의 건정성을 보장할 수 없는 심각한 사고 상황에서 원자로

수 를 정확하게 측할 수 있었으며,다양한 데이터를 사용하여 최 화한다면 더욱

정확하게 원자로 수 를 측할 수 있을 것이다. 한,안 에 련된 다양한 변수들에

한 스마트센싱 시스템이 구축된다면 사소한 고장이 형사고로 발 하는 것을 방지

하고,여러 기사건으로부터 사고로 개되어 계측기의 신뢰성이 의심되는 상황

에서 원자력발 소의 주요 상태 조기 진단을 통하여 사고 리를 효과 으로 수행할

수 있을 것으로 기 된다.
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Ⅰ.Introduction

AftertheFukushima,nuclearpowerplantaccidentoccurredbytheEastJapan

GreatEarthquake,thepublic'sconcernandinterestinthesafetyofnuclearpower

plantshasincreased considerably.Thecauseoftheseconcernsandinterestis

becausetheoperatordoesnotquicklycheckthestatusoftheplantinanincident

oraccidentsituationsorrespondappropriatelytoeachsituation.

Thestatusofanuclearpowerplantcanbeconfirmedfrom thesafety-related

parameters (reactor vessel water level, neutron flux, pressurizer pressure,

pressurizerwaterlevel,steam generatorpressure,steam generatorwaterlevel,etc.).

Inparticular,tocheckthestatusofanuclearpowerplantandtakeaproperaction,

itisvery importanttomeasurethesafety-relatedparametersforavery short

periodintheinitialeventconditionsthatcanleadtoaseriousaccident,suchasa

lossofcoolantaccident(LOCA)andsteam generatortuberupture(SGTR).In

particular,thereactorvesselwaterlevelisessentialinformationforconfirmingthe

cooling capability ofthenuclearreactorcore,topreventthereactorcorefrom

meltingdownandtomanagesevereaccidentseffectively.Inaddition,itcannotbe

confirmedthatthereactorvesselwaterlevelisbeingmeasuredproperlyinsevere

accidents,wherethereactorcoreintegrityisuncertain.Therefore,itisimportantto

predictthereactorvesselwaterleveltomakeprovisionsagainstsevereaccidents.

Manyartificialintelligencetechniqueshavebeenappliedsuccessfullytonuclear

engineeringareas,suchassignalvalidation[1]-[3],plantdiagnostics[4]-[5],event

identification[6]-[9],etc.Inthispaper,theFNN andGMDH modelwereproposed

to predictthe reactorvesselwaterlevel,which has a directimpacton the

importanttimes(timeapproachingthecoreexittemperatureexceeding1200°F,core

uncoverytime,reactorvesselfailuretime,etc.).Topredictthewaterlevel,the

break size and othermeasured signals were used.The break size is nota

measuredvariable.Instead,itisapredictedvariableusingthetrenddatafora
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shorttime early in the eventproceeding to a severe accident.The LOCA

classificationalgorithm fordeterminingtheLOCA positionandbreaksizeprediction

algorithm wasexplainedinpreviouspapers[10]-[12].Becausethebreaksizecan

be predicted accurately,thebreak sizecan beused as an inputvariablefor

predictingthereactorvesselwaterlevel.

TheFNN andGMDH areadata-basedmodelthatrequiresdatatodevelopand

verifyit.Becausetherealsevereaccidentdatadoesnotexist,itisessentialto

obtainthedatarequiredintheproposedmodelusingnumericalsimulations.This

datawasobtainedbysimulatingsevereaccidentscenariosfortheOptimizedPower

Reactor1000(OPR1000)usingMAAP4code[13].
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Ⅱ.Predictionofthereactorvesselwaterlevel

A.FNN(Fuzzyneuralnetwork)method

1.FIS(Fuzzyinferencesystem)

Ingeneral,theconditionalrule,whichisdescribedasif/thenrule,isusedinthe

FIS,andiscomposedofapairoftheconditionsandconclusions[14].Thefuzzy

inferenceengine,asshowninFig.1,usesfuzzyif/thenrulestodeterminethe

mappingfrom fuzzysetsintheinputuniverseofdiscourse tofuzzysetsinthe

outputuniverseofdiscourse basedonafuzzylogicprinciple.A fuzzifierneedsto

beaddedtotheinputbecausetheinputsoftheFISarereal-valuedvariables.The

fuzzifiermapsthecrisppointsin tothefuzzysetsin.Themembershipfunction

intheFIS mapseachelementof toacontinuousmembershipvaluebetween

zeroandone.Themembershipfunctionhasnorestrictionofshape.Ingeneral,the

Gaussian,triangular,trapezoidandbell-shapedfunctionsareusedintheformulaof

themembershipfunction.Inaddition,becausethereactorvesselwaterlevelisa

realvalue,theFISoutputshouldbearealvaluethatrequiresadefuzzifiertothe

FISoutput.Ontheotherhand,anFNNconsistsofaFISanditsneuronaltraining

system.TopredictthewaterlevelinthereactorvesselusingFNN,itisimportant

tofindtheoptimalinputvariablesamongseveralvariables,andareusedtopredict

thewaterlevelinthereactorvessel.

Inthisstudy,insteadoftheMamdani-typeFIS[14],whichrequiresadefuzzifier

intheoutputunit,theTakagi-Sugeno-typeFIS[15],whichdoesnotrequirethe

defuzzifiershowninFig.1becauseitsoutputvalueisreal,wereused.IntheFIS,

an arbitrary  fuzzy rule can be expressed as follows(first-order

Takagi-Sugeno-type):
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     ⋯    

    ⋯ 

(1)

where

⋯ :inputvaluesofFIS

⋯ :membershipfunctions

 :outputofthe fuzzyrule

 :weightofthe ruleandthe fuzzyinput

 :biasofthe fuzzyrule

 :numberoffuzzyrules

 :numberofinputvalues

Fuzzy Inference
Engine

Fuzzifier Defuzzifier

Fuzzy Rule Base

iny W

fuzzy set in Wfuzzy set in V

inx V

Fig.1.Fuzzyinferencesystem(Mamdani-typeFIS)

The number of  input and output training data of the fuzzy model

z   x  (where x     ⋯  and   ⋯)were

assumedtobeavailableandthedatapointineachdimension wasnormalized.

Generally,thereisnospecialrestrictionontheshapeofthemembershipfunctions.

Inthispaper,thesymmetricGaussianmembershipfunctionwasusedtoreducethe

numberoftheparameterstobeoptimized.
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(2)

InEq.(1),thefunction,,isexpressedasthefirst-orderpolynomialof

inputvariablesandtheoutputofeachruleisexpressedasfollows:

x 
  



   (3)

TheFISexpressedasEq.(1)iscalledthefirstorderTakagi-Sugeno-type[15]

fuzzymodelbecausethearbitrary  ruleoutput,,isarealvalueandis

expressedasthefirst-orderpolynomialfortheinputs.Theoutput oftheFIS

iscalculatedbysummingtheweightedfuzzyruleoutputs asfollows:

 
  



 (4)

where

   x (5)

  


  






(6)

 
  



  (7)

Finally,theoutput isexpressedasthevectorproductasfollows:
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  w q (8)

where

q   ⋯  ⋯⋯  ⋯   ⋯  


w    ⋯   ⋯⋯   ⋯     ⋯  


Thepredictedoutputsforatotalof inputandoutputdatapairsinducedfrom

Eq.(8)canbeexpressedasfollows:

yWq (9)

where

y ⋯ 

W w w⋯ w

Thevectorq iscalledaconsequentparametervector,andthematrixW consists

ofinputdataandmembershipfunction.TheoutputvaluesofFISareexpressedin

amatrix,W,of× dimensionsandaparametervector q of 

dimensions.



- 7 -

Fig.2.Fuzzyneuralnetwork(FNN)

Fig.2describesthecalculationstructureoftheFNN model.Thesymbols,
and N,indicatemultiplicationandnormalizationcalculations,whichareexpressed

asEq.(7)and(6),respectively.Thesecondsymbol,,isexpressedasEq.(5),
and thesymbol∑ isexpressed as Eq.(4),which isthesummation ofthe

weightedfuzzyruleoutputs.
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No

Yes
Stop

Start

Is the maximum generation 
approached?

Generate initial chromosomes

Evaluate chromosomes

Genetic operation such as selection, 
crossover, and initiation for population

Least squares method for consequent 
parameter calculation

Fuzzy model identification

Fig.3.OptimizationprocedureoftheFNNmodel

Fig.3showstheoptimizationprocedureofaFNN modelthatisaFIScombined

with its neuronaltraining system.The optimization procedure optimizes each

antecedentandconsequentparametersusingboththegeneticalgorithm andleast

squaremethod.Ingeneticalgorithms,thevariablestobeoptimizedareencoded

withinthechromosome,andthesuperiorityregardingeachchromosomeisjudged

bythefitnessfunction.Iftheantecedentparametersaredeterminedusingagenetic
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algorithm through selection,crossover and mutation,the resulting parameters

appear like Eq.(9) as a first-order combination.Therefore,the consequent

parameterscanbecalculatedeasilyusingtheleastsquaresmethod.

2.Trainingoffuzzyinferencemodel

TheFNN model,whichwasdevelopedtopredictthereactorvesselwaterlevel,

wasdesignedbytrainingfrom thegivendata.Theproposedmodelshouldalsobe

optimized to maximize the prediction performance.Forthis purpose,a genetic

algorithm wasusedin thisstudy.Actually,thegeneticalgorithm isthemost

usefulmethodforsolvingtheoptimizationproblem forarangeofpurposes[16],

[17].

Thegeneticalgorithm usesafitnessfunctionthatassigneachchromosomethe

score(degreeofoptimization)inthecurrentpopulation,andsolvestheoptimization

problem bytheprocessofthelawsofnature,suchasselection,crossoverand

mutationoperators.TopredictthesignalsusingAItechniques,thepredictionerror

makesadifferencedependingonhow theinputsignalswereselected.Inaddition,

eliminating theunnecessarysignalscanreducethetimefortraining becauseit

simplifiesthestructureoftheAItechnique.Ontheotherhand,eveniftheproper

inputsignalswereselected,theprediction performanceisaffected by how the

time-step data is utilized.Therefore,in this study,the training data,which

containedgoodinformationusingtheSubtractiveClustering(SC)technique,was

selectedfrom allacquireddata[18].

Thedatapointsgenerallyform clustersinhighdimensionaldataspace,andthe

FNN modelistrainedusingthedatapoints,whicharelocatedinthecenterof

each clusterthatis slightly differentfrom the physicalcenterofthe cluster,

becausethecenterofeachclusterhasthemostinformation.TheSC technique

usesthefollowingfunctionasameasureofthepotentialofeachdata,anditcan

bedefinedasafunctionoftheEuclideandistancetoallotherinputvalues[18].
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 ∥x  x∥  



   ⋯ (10)

InEq.(10), istheradiusofneighboringpartsanditaffectsthepotential

significantly.Throughthisequation,thepotentialofthedatapointsishighwhen

surroundedbyalargevolumeofneighboringdata.Thedatapointwiththehighest

potentialwasselectedasthefirstclustercenter.Letx bethelocationofthe

firstclustercenterand   beitspotentialvalue.Thepotentialofeachdata

pointisrevisedbythefollowingformula:

    
 ∥x  x ∥


 


   … (11)

where  isalsotheradius,whichisnormallygreaterthan  inEq.(10).As

showninEq.(11),thedatapointsnearthefirstclustercenterwillhaveagreatly

reducedpotential,andareunlikelytobeselectedasthenextclustercenter.When

thepotentialofalldatapointsisrevisedaccordingtoEq.(11),thedatum withthe

highestremainingpotentialisselectedasthesecondclustercenter,x.Eq.(11)

isrepeatedbysubstituting  andx with  andx,respectively,until

theinequality      istrueortherequirednumberoftraining datais

obtained.

Theantecedentparametersofthemembershipfunctionswereoptimizedusinga

geneticalgorithm andtheinputsignalsusedwereselectedusingthecorrelation

coefficientmatrixoftheinput/outputsignals.Inaddition,theleastsquaresmethod

wasusedtocalculatetheconsequentparameters.Manyoptimizationmethodsuse

sometransitionlaw todeterminethenextoptimalpoint.Thismovesfrom one

pointinspacetothenextpoint.Ontheotherhand,thesepoint-to-pointmethods

canbedangerousbecausetheprobabilityoffindingthewrongpeakinthesearch

space with many peaks is quite high.By contrast,the genetic algorithm is
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ascendingmanypeaksinparallelbasedontheabundantdatabaseofmanypoints.

Therefore,the chances offinding a false peak are much lower than with

point-to-pointmethods,andthereisnoconcernofbeingstuckinalocaloptimal

point[16]-[17].

Inthisstudy,thetrainingdatawasusedtocalculatetheantecedentparameters

ofthefuzzyrules.Thetestdatawasusedtocheckthedevelopedmodelandis

differentfrom thetrainingdataset.Thefitnessfunctioninthefollowingequation

wasintendedtominimizethemaximum errorandRMSerror:

  exp     (12)

where

 





  





  max 

Variable meanstheactualmeasuredvalue,and isitsvaluepredictedusing

theFNN model.Iftheantecedentparametersarefixedbythegeneticalgorithm,

theresultsoftheproposedmodelcanbeexplainedbythedevelopmentofsome

functions.Therefore,the least squares method was used to determine the

consequentparameteroffuzzyrules.Theconsequentparameter,q,waschosento

minimizetheobjectivefunction.Thisconsistsofthesquareerrorbetween the

actualvalue anditspredictedvalue,anditisexpressedasfollows:

  
  

 

   
  

 

    


yy (13)

where
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y   ⋯   
 andy   ⋯   



InEq.(13), isthenumberoftrainingdata.A solutionforminimizingthe

aboveobjectivefunctioncanbeobtainedusingthefollowingequation:

yWq (14)

Tosolvetheparametervector,q,theinversematrixmustexistsinamatrix,W.

On the other hand, there is no inverse matrix generally. Therefore, the

pseudo-inverseofthematrix W wasused.Theparametervector,q,iseasyto

solvefrom thepseudo-inverseasshownbelow.

q WTW
 WTy (15)

Theparametervector,q,canbecalculatedfrom aseriesofinputandoutputdata

pairs.

B.GMDH(Groupmethodofdatahandling)method

In ordertosolvethesystem problem such ascontrol,monitoring,prediction,

diagnosisandsoon,alotofmathematicalmethodshavebeenstudied.

TheGMDH methodisoneofthem.TheGMDH methodwhichisoneofthe

data-drivenmodelssuchasANN (ArtificialNeuralNetwork)canbeusedforthe

breaksizepredictioninthispaper.Data-drivenmodelshavemanyadvantagesof

easyimplementationandaccuracy,andfamousforsuperiorcapabilityinmodelling

complexsystems.

Inthispaper,theGMDH methodhasbeenusedtodevelopamodelforthe

waterlevelpredictioninthereactorvessel.
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1.BasicGMDH algorithm

TheGMDH algorithm isaway offinding afunction thatwellexpressesa

dependentvariablefrom independentvariables.Thismethodcanfindacorrelation

inthedataautomaticallytoimprovethepredictionaccuracyandselecttheoptimal

structureofthemodel.TheGMDH algorithm issimilartomultipleregression

model,butitusesthedatastructure.Thedatasetisdividedintothreesubsets.

Thereasonofdividingistopreventover-fittingandmaintainmodelregularization

throughcross-validation.Fig.4-5show theGMDH datastructureandtheGMDH

structure.
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TheoriginalGMDHmethodemployedthefollowinggeneralform ateachlevelof

thesuccessiveapproximation:

      
 

  (16)

Thecoefficientparametersofthereferencefunctionwhichiswrittenabovesuch

as… canbeobtainedbyusingaleastsquaremethodinanarbitrarypair(

 )from independentvariables x ⋯ .Thismethodtakesaform of

hierarchicalpolynomialregressionnetworktomodelvariouscomplexinput-output

relationships.However,morecomplicatedfunctionformscanbeusedsuchasratio

terms(  ),trigonometricterms(sin  cos),exponentialterms(exp )

andsooninaccordancewithcomplexityofthesystem.TheGMDH algorithm

uses the Kolmogorov-Gabor form of a high-order polynomial. The

Kolmogorov-Gaborform thatiscalledasIvakhnenkopolynomialcanbeexpressed

asfollows:

   
  




  




  




  




  




  



 (17)

wherex ⋯  isaninputvectorand a ⋯ isacoefficient

vectorthatis a weightvectorofKolmogorov-Gaborpolynomial.The GMDH

algorithm candeterminethestructureofthemodelandalsocalculatethesystem

outputofthemostimportantinputsimultaneously.Thisusesthecompositionof

the lower-order polynomials mentioned above,which means thatthe GMDH

algorithm amalgamateslowerorderpolynomialsateachgenerationtoreachthe

subsequentgeneration.ThisprocesscontinuesuntiltheGMDH modelbeginsto

show over-fitting in training orexceedsthemaximum calculation time.Ifan

evaluationvalue()isgreaterthanareferencevalue,theregressionequationis

fallen behind.Otherwise,the regression equation is survived.The survived
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regressionequationvalueisusedasatrainingdataofthenew generation.This

process is conducted about allpossible pairs of independent variables.The

descendantwiththesmallestevaluationvalueintheevaluationofthisgeneration

isselectedastheoptimum fit.Ifthesmallestevaluation valueofthecurrent

generationissmallerthanthatofthepreviousgeneration,theaboveprocessis

performedrepeatedly.Whenover-fitting oftheevaluationvalue(m in
 )isfound

throughalternationofgeneration,theprocessisstopped.Thatis,ifthesmallest

evaluation valueofthecurrentgeneration islargerthan thatoftheprevious

generation,theprocessisstopped.

AsshowninFig.6,ifover-fittingisfound,theprocessofthealgorithm is

stoppedandtheoptimum fitofthepreviousgenerationisselectedastheoptmized

modelthatpredictsthebreaksize.

1 2 3 ... g

min
gR

Optimum fit

GMDH process 
stop

. .4 5 . .

Fig.6.Evaluationvalueofeachgeneration
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2.Mainimplementationsteps

TheGMDH algorithm generatesandtestsallinput-outputcombinations.Each

elementinthesystem thatisindicatedasarectangleboxinFig.5executesa

functionoftwoinputs.ThecoefficientparametersofEq.(17)aredecidedbyusing

anormalleastsquaremethod,andthevariablesoftheelementsarecalculated.A

thresholdvalueforcomparisonwiththeevaluationvalueineachgenerationdecides

whethertheoutputsoftheelementsinagenerationareacceptable.Theoutputof

anelementiseliminatedinacurrentgenerationwhentheresultislargerthanthe

threshold value.Thosevariablesorelementsthatareusefulforpredicting the

properoutputareusedatthenextgeneration.Thegenerationsarerepeateduntil

thesatisfactoryresultsareobtained.ThisprocessissimilartoDarwin'stheory.

Thedetailedmainimplementationstepsaregivenbelow.

Firststep,constructeachofinputandoutputvariableordataofthesystem.

Thedatastructureismodeledanddividedintothetrainingandcheckingdatasets,

andpreprocessthedatatonormalizethem.

Secondstep,choosetheexternalinputstotheGMDH network.Calculatethe

regressionpolynomialparametersforeachpairofinputvariablesinvolvedinthe

training data set using the least square method.Calculate the  

high-ordervariablesinplaceoftheoriginalinputvariables    ⋯   inorder

topredicttheoutput.

Third step, the algorithm designs a group of new variables

(        )inthepreviousstep.Here, isthenumberofinput

variablesforgeneration().A criterionisusedtoevaluatethenew variablesin

thegeneration  andisrelatedwiththeerrorforthechecking data,whichis

definedasfollows:
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for     (18)

Laststep,when over-fitting isfound through checking,theabovementioned

processisstopped.Ifthegenerationcontinues,themodelwillbecomeover-fitted.

The polynomialwith the minimum error criterion is selected as the final

approximatemodel.Otherwise,theabovestepsarerepeated.

Atthe end oftheGMDH algorithm,regression parameters are stored.The

estimatedcoefficientforthehigh-orderpolynomialisdeterminedbytracingback

theGMDHstructureuntilitreachestheoriginalvariables    ⋯   .Asshown

in Fig.7,the tree structure with the optimum fitatthe top is called an

IvakhnenkoTree.

1x 2x 3x 4x 5x 6x 1st generation

2nd generation

3rd generation

4th generation

Kth generation

(Optimum Fit)

· ··

·· ·

· ··

Fig.7.Ivakhnenkotree
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Ⅲ.Accidentsimulationdata

Theproposedmodelwasappliedtopredictthewaterlevelinthereactorvessel.

Totrainandindependentlytestaproposedmodel,itisessentialtoobtainthedata

usingnumericalsimulationsbecausethereislittlerealaccidentdata.Therefore,the

trainingandtestdataoftheproposedmodelwasacquiredbysimulatingthesevere

accidentscenariosusingtheMAAP4coderegardingtheOPR1000nuclearpower

plant.

Thesimulationdatawasdividedintothebreakpositionandbreaksizeofthe

lossofcoolantaccident(LOCA).Thebreak position wasdivided into hot-leg

LOCA,cold-legLOCA andSGTR,andthebreaksizewasdividedintoatotalof

270steps.Inaddition,thesimulationswereperformedundertheconditionsthatthe

SafetyInjectionSystem (SIS)doesnotworkproperly.Inaccidentsconcernedwith

LOCAs,becausetheLOCA position and size arenotdetected,they mustbe

identified and predicted.TheLOCA position wasidentified completely and the

break size was predicted accurately in previous studies [10]-[12],with an

approximately1% errorlevel.Therefore,thebreaksizesignal,whichisaninput

signaltotheFNN model,wasassumedtobepredictedfrom thealgorithmsof

previousstudies.

Throughthesimulations,atotalof810casesofsevereaccidentscenarioswere

obtained.Thisdatawascomposedof270piecesofhot-legLOCA,270piecesof

cold-legLOCAand270piecesofSGTR.
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Ⅳ.Verificationoftheproposedmodel

In severe accidentsituations,the main concern is whetherornotthere is

sufficientcoolantin thereactorcore,which isdescribed asthereactorvessel

waterlevel.Theinputvariablesforpredictingthereactorvesselwaterlevelare

the elapsed time after reactor shutdown,the predicted break size and the

pressurizerpressure.Theseinputvariablesarestronglycorrelatedwiththeoutput

variableofthereactorvesselwaterlevel.

A.FNN model

Theparametervaluesusedareconcernedwiththegeneticalgorithm andtheFIS

areasfollows:

   :numberoffuzzyrules

crossoverprobability=100%

mutationprobability=0.05%

Fig.8-10show thepredictedreactorvesselwaterlevelsandtheirerrorsforthe

testdatainthehot-legLOCA,cold-legLOCA,andSGTRsituations,respectively.

Thetestdataisdifferentfrom thedatausedtodeveloptheFNN modeland

consistsofelapsed time,predicted break size,pressurizerpressure,and reactor

vesselwaterlevel.Inthisstudy,100datapointsineachLOCA suchashot-leg

LOCA,cold-legLOCA andSGTRwereselectedastestdatapoints.Asshownin

Fig.8andTable1,thepredictionerrorsofthetestdataforhot-legLOCA are

insidethe1.93m errorbandandtheirRMSerroris0.34m.
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Fig.8.PredictionperformanceoftheFNNmodelinhot-legLOCA(continued)
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Breakposition

Trainingdata Testdata

Maximum

 error(m)
RMSerror(m)

Maximum

 error(m)
RMSerror(m)

Hot-leg 4.9418 0.2649 1.9270 0.3447

TABLE1.PerformanceoftheFNNmodelinhot-legLOCA

AsshowninFig.9andTable2,thepredictionerrorsofthetestdataforthe

cold-legLOCAareinsidethe2.01m errorbandandtheirRMSerroris0.45m.
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Fig.9.PredictionperformanceoftheFNNmodelincold-legLOCA(continued)
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Breakposition

Trainingdata Testdata

Maximum

 error(m)
RMSerror(m)

Maximum

 error(m)
RMSerror(m)

Cold-leg 3.4524 0.2808 2.0138 0.4468

TABLE2.PerformanceoftheFNNmodelincold-legLOCA

AsshowninFig.10andTable3,thepredictionerrorsofthetestdataforthe

SGTRareinsidethe1.31m errorbandandtheirRMSerroris0.33m.
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Fig.10.PredictionperformanceoftheFNNmodelinSGTR(continued)



- 31 -

-0.05 0.00 0.05 0.10 0.15

0

2

4

6

8

 target
 predicted

R
V

 w
at

er
 le

v
el

 (
m

)

break size (m
2
)

(e)reactorvesselwaterlevelversusbreaksize

5.0x106 1.0x107 1.5x107

0

2

4

6

8

 target
 predicted

R
V

 w
at

er
 le

v
el

 (
m

)

PZR pressure (Pa)

(f)reactorvesselwaterlevelversusPZRpressure

Fig.10.PredictionperformanceoftheFNNmodelinSGTR(continued)
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Breakposition

Trainingdata Testdata

Maximum

 error(m)
RMSerror(m)

Maximum

 error(m)
RMSerror(m)

SGTR 1.9912 0.2346 1.3081 0.3256

TABLE3.PerformanceoftheFNNmodelinSGTR

Table4summarizestheprediction performanceresultsoftheproposed FNN

model.This table shows that the RMS errors for the training data are

approximately0.26m,0.28m and0.23m forthehot-legLOCA,cold-legLOCA,and

SGTR,respectively.TheRMS errorsforthetestdataareapproximately0.34m,

0.45and0.33m forhot-legLOCA,cold-legLOCA,andSGTR,respectively.Evenif

the prediction erroris increased a little,the proposed FNN modelaccurately

predicts the reactorwaterlevelthatis the range of7.33m (hot-leg height).

Sometimes,althoughthelargeerrorsareshown,theRMSerrorisapproximately

0.37m forthetestdata.

Breakposition

Trainingdata Testdata

Maximum

 error(m)
RMSerror(m)

Maximum

 error(m)
RMSerror(m)

Hot-leg 4.9418 0.2649 1.9270 0.3447

Cold-leg 3.4524 0.2808 2.0138 0.4468

SGTR 1.9912 0.2346 1.3081 0.3256

TABLE4.PerformanceoftheFNNmodel
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Untilnow,itwas assumed thatthe inputdata have no instrumenterror.

Therefore,theFNN modelwastestedusingtheinputdatawitharandom errorto

checktheeffectofinstrumenterror.Theerrorswereassumedtobeinsidethe3%

bandor5% band.Table5showstheeffectoftheinstrumenterrors.

AsshowninTable5,theFNN modelshavealittlelargererrorthanthecase

withouterror.TheRMSerrorsare0.40m and0.43m for3% errorbandand5%

errorband,respectively.Thepredictionperformancewasnotdegradedmuchdueto

themeasurementuncertainty.Wecouldpredictthereactorvesselwaterlevelwith

approximately RMS errorof0.4m even iftheinputsignalshavemeasurement

uncertainty.

Break

position

Testdata

Withoutinputerror
Withinputerror

(3% errorband)

Withinputerror

(5% errorband)

Maximum

 error(m)

RMS

error(m)

Maximum

 error(m)

RMS

error(m)

Maximum

 error(m)

RMS

error(m)

Hot-leg 1.9270 0.3447 2.0773 0.4119 2.5948 0.4288

Cold-leg 2.0138 0.4468 2.0266 0.4421 2.0474 0.4776

SGTR 1.3081 0.3256 1.2630 0.3354 1.5735 0.3742

TABLE5.Effectofinstrumenterror
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B.GMDH model

Inordertopredictthereactorvesselwaterlevel,theinputsignalsareselected

byconsideringthecorrelationbetweenthemeasuredorpredictedinputsignalsand

thereactorvesselwaterlevel.InputsignalsoftheGMDH modelweredividedinto

twocases.InputsignalsofeachcaseareshowninTable6.

Inputsignals

CaseⅠ time,predictedbreaksize,PRZpressure

CaseⅡ time,predictedbreaksize,sumpwaterlevel

TABLE6.Inputsignalsofeachcase

Fig.11-13show thepredictedreactorvesselwaterlevelsandtheirerrorsforthe

testdatainthehot-legLOCA,cold-legLOCA,andSGTRsituations,respectively.

Thetestdataisdifferentfrom thedatausedtodeveloptheGMDH modeland

consistsofelapsedtime,predictedbreak size,pressurizerpressure,sumpwater

levelandreactorvesselwaterlevel.Itwasassumedthattheinputsignalshaveno

instrumenterror.Therefore,theGMDHmodelwastestedusingtheinputdatawith

arandom errortochecktheeffectofinstrumenterror.

Table7.andFig.11-13show thepredictedreactorvesselwaterlevelsandtheir

errorsusingcaseⅠ.
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incold-legLOCAusingcaseⅠ(continued)
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incold-legLOCAusingcaseⅠ(continued)
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inSGTRusingcaseⅠ(continued)
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inSGTRusingcaseⅠ(continued)
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Break

position

Trainingdata
Testdata

(withoutinputerror)

Testdata

(with5% inputerror)

Maximum

 error(m)

RMS

error(m)

Maximum

 error(m)

RMS

error(m)

Maximum

 error(m)

RMS

error(m)

Hot-leg

LOCA
1.65 0.17 0.99 0.19 1.02 0.20

Cold-leg

LOCA
1.72 0.16 1.29 0.21 1.32 0.22

SGTR 0.83 0.10 0.61 0.13 0.71 0.13

TABLE7.PredictionperformanceoftheGMDHmodel(caseⅠ)

AsshowninTable7,theGMDH model(usingcaseⅠ)haveasmallerrorthan

theFNN model.TheRMSerrorsareapproximately0.17m withoutinputerrorand

0.18m with5% inputerror,respectively.

Table8.andFig.14-16show thepredictedreactorvesselwaterlevelsandtheir

errorsusingcaseⅡ.
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inhot-legusingcaseⅡ(continued)
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inhot-legusingcaseⅡ(continued)
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incold-legusingcaseⅡ(continued)
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incold-legusingcaseⅡ(continued)
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Fig.16.PredictionperformanceoftheGMDHmodel

inSGTRusingcaseⅡ(continued)
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inSGTRusingcaseⅡ(continued)
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Break

position

Trainingdata
Testdata

(withoutinputerror)

Testdata

(with5% inputerror)

Maximum

 error(m)

RMS

error(m)

Maximum

 error(m)

RMS

error(m)

Maximum

 error(m)

RMS

error(m)

Hot-leg

LOCA
1.72 0.18 0.91 0.21 1.47 0.33

Cold-leg

LOCA
1.32 0.18 1.09 0.22 1.06 0.22

SGTR 0.91 0.09 0.67 0.14 0.67 0.14

TABLE8.PredictionperformanceoftheGMDHmodel(caseⅡ)

AsshowninTable8,theGMDH model(usingcaseⅡ)haveasmallerrorthan

theFNN model.TheRMSerrorsareapproximately0.15m withoutinputerrorand

0.23m with5% inputerror,respectively.

Theprediction performancewasnotdegradedmuch duetothemeasurement

uncertainty.WecouldpredictthereactorvesselwaterlevelwithRMS errorof

approximately 0.17m(using caseⅠ)and0.23m(using caseⅡ)eveniftheinput

signalshavemeasurementuncertainty.
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Ⅴ.Conclusions

Inthisstudy,thereactorvesselwaterlevelpredictionmodelwasdevelopedin

severeaccidentcircumstancesbyusingFNNandGMDHmethod.Thetrainingdata

wasselectedfrom alltheacquireddatausinganSCmethodtotraintheproposed

FNN modelwithmoreinformativedata.ThedevelopedFNN andGMDH models

predictedthereactorvesselwaterlevelusingsomeofthemeasuredorpredicted

signalsexceptforthereactorvesselwaterlevel.Thedevelopedmodelwasverified

basedonthesimulationdataofOPR1000usingMAAP4code.

ThesimulationsshowedthattheperformanceofthedevelopedFNN andGMDH

modelswerequitesatisfactorybutafew largeerrorswereobservedoccasionally.

Ontheotherhand,itwillbepossibletopredictthereactorvesselwaterlevel

preciselyifthedevelopedFNN modelcanbeoptimizedusingavarietyofdata.

Also,thepredictionresultoftheGMDH modelisslightlysuperiortotheFNN

model.

Thedevelopedpredictionmodelwillbehelpfulforprovidingeffectiveinformation

foroperatorsinsevereaccidentsituations.
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고 상담에 응해주신 상 이형, 주형,학부생활을 같이한 진 ,해성,창수 모두 감사

합니다.이외에도 미처 언 하지 못한 선,후배,동기들에게도 고마운 마음을 합니다.

항상 친구라는 이름으로 함께 울고 웃으면 10년이 넘는 시간을 함께해온 두선이형,

기섭,교범, ,선교,청기 등등 무 고맙고 앞으로도 서로 의지하고 잘 지내보자.

마지막으로 지 껏 자신을 희생하시며 한없는 사랑으로 희 형제를 지켜 주신 어

머니께 진심으로 감사의 마음을 합니다.말로 표 할 순 없지만,앞으로 살아가면서

자랑스러운 아들이 될 수 있게 노력하겠습니다.그리고 말없이 버 목이 되어주는 형

에게도 감사의 마음을 합니다.

지 까지 나의 보 자리 고 앞으로 후배들의 보 자리가 되어 NICL에서...

2013년 12월의 어느 날
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