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록

LOCA에서 불건 한 안 주입시스템의 회복시간의 결정

김 섭

지도 교수 :나 만 균

원자력공학과

조선 학교 학원

최근 일본 후쿠시마 원 사고에서 보듯이 사고시 노내 상태를 정확히 알아내지

못하는 상황에 처하게 되어 사고 평가 결과를 측하지 못하는 상황에 도달하

게 되었다.원자로 상태를 정확히 알 수 없어 이것은 사고회복을 한 기 응 실패

로 연결되었으며,사고를 조기에 마무리하고 원자로가 안정 온정지에 도달할 기회를

상실하게 되었다.본 연구는 원 사고시 사고회복을 한 인공지능 방법론의 용 가

능성을 검토하고,이를 이용한 LOCA에서의 안 주입계통의 작동에 한 사고 회복

시간을 결정하기 하여 수행되었다.이에 따라 본 연구에서는 다양한 인공지능 기법

(GroupMethodofDataHandling:GMDH,FuzzyNeuralNetwork:FNN,Support

VectorMachine:SVM 등)을 이용한 방법론을 검토하 으며 [1-4],사고 리를

히 수행하지 못하는 기사건이나 안 계통이 히 작동하지 못한 경우 LOCA 시나

리오 측에 용하 다.이 연구에서 사고 시나리오 개과정의 특정 시 을

측하기 하여 GMDH와 FNN 모델을 용하여,선택된 입력 변수와 최 측 오

차 RMS오차를 분석한 결과,GMDH와 FNN 모델은 정확히 LOCA의 시나리오를

측할 수 있었다.본 연구에서는 안 주입계통의 작동여부 (실패 는 정상작동 는

지연작동)에 따라 사고를 나타내는 주요한 시 의 변화를 분석하 다.

측 모델은 학습 데이터를 이용하여 개발 하고 독립 인 시험 데이터를 이용하여

검증을 수행하 으며,모델 개발과 검증을 한 DB는 MAAP4[12]코드를 이용하여

한국표 형원 (OPR1000)을 상으로 하는 시뮬 이션을 통해 구축하 다.사고모의

는 고압안 주입과 압안 주입으로 나 어서 단 크기별로 실행하여 사고회복 시



- v -

간을 결정하 다.단,격납용기 살수 계통과 재순환 모드는 정상 으로 작동하 다고

가정하 다.시뮬 이션 결과,배 단크기별로 사고 시나리오를 나타내는 주요

시 (노심 노출,압력용기 손상)에 도달하지 않도록 안 주입계통의 사고 회복 시간을

결정할 수 있었다.

안 계통의 작동여부에 따라 원자로 상태를 확인하는 것은 매우 요하다.OPR1000

을 상으로 하는 시뮬 이션을 통해 안 주입시스템의 작동에 따라 사고회복을 한

시간을 결정할 수 있었다. 한,압력과 지연작동과 같이 안 계통의 한 운 에 간

섭하는 요소를 알 수 있었다.원자력 발 소에서 냉각재 상실 사고 발생시 GMDH 모

델을 통하여 LOCA의 단크기 시나리오를 나타내는 주요한 시 을 정확히 측한

다면 안 주입시스템의 사고 회복 결정시간에 따라 사고를 효과 으로 리할 수

있을 것으로 기 된다.
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Ⅰ.Introduction

Whenoperatorsdonotexactlyknow theinnerconditionsofareactorduring

severeaccidentssuch astheFukushimaNPP accidentin Japan,itishard to

predictthe accidentprogress and the results.Furthermore,itis necessary to

develop safety measures for the worstconditions such as naturaldisasters,

terrorism,etc.Therefore,theNPP accidentrecoveryaidsystem isnecessaryto

achievestableshutdownfrom DesignBasisAccidents(DBA).

Topredicttherecoverytimeofsafetysystem,itisregardedtoclassifythe

initialevent,andpredicttheimportanttimingsforsevereaccidentscenarios.Itis

veryimportanttomeasurethesafety-relatedparametersforaveryshortperiodin

theinitialeventconditionsthatcanleadtoaseriousaccident,suchasalossof

coolantaccident(LOCA)andsteam generatortuberupture(SGTR).

Inpreviouspapers[1-4],afuzzyneuralnetwork(FNN)andgroupmethodof

data handling (GMDH)models were proposed to predictthe severe accident

scenario,whichhasadirectimpactontheimportanttimes(timeapproachingthe

coreexittemperatureexceeding1200°F,coreuncoverytime,reactorvesselfailure

time,etc.).

Inthisthesis,thechangesofimportanttimingsforsevereaccidentscenarios

(coreuncovery,reactorvesselfailure,etc.)havebeenanalyzedaccordingtothe

Safety Injection System (SIS)status (no actuation,normalactuation,delayed

actuation)as partofthe successfulcontrolpath analysis from DBA forthe

compositionofaccidentrecoveryaidsystem.

These data were obtained by simulating severe accidentscenarios for the

OptimizedPowerReactor1000(OPR1000)usingtheMAAP4code[12].Simulations

wereconductedaccordingtobreaksize(0.1%,1%,… ,100%),andhighpressure

andlow pressureSIS actuationstatus.ItwasassumedthatContainmentSpray

System (CSS),SafetyInjectionTank(SIT)andRecirculation(REC)modewere
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normallyactuated.

Tochecktheinnerconditionsofthereactorisveryimportant,dependingonthe

actuationstatusofthesafetysystems.Weconfirmedanalterationofsignificant

timing according to the state within the safety injection system through the

simulationofOPR1000.Also,wecouldfindtheelementsthatinterferewiththe

properoperation ofthesafety system such aspressureandtimedelay.Ifthe

GMDH modelhas the capability to accurately predictLOCA break size and

importanttiming for severe accidentscenarios (core uncovery,reactor vessel

failure,etc.),itispossibletodeterminetherecovertimeofthesafetyinjection

systemsforpreventingthecoreuncoveryandRVfailure.
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Ⅱ.PredictionoftheLOCA Scenarios

A.FNN (FuzzyNeuralNetwork)Method

1.FuzzyInferenceModel

A fuzzyinferencemodelconsistsofsituationandactionpairswhereconditional

rulesdescribedinif‑thenstatementsaregenerallyused.Thetaskofadapting

fuzzy systemsforon-lineapplication involvesneuronalimprovementsoffuzzy

inferencesystemsandthefuzzificationofneuralnetworksystems.Inthiswaywe

can exploitthe complementary nature offuzzy inference systems and neural

networksystems.ThecombinationofthetwosystemsisusuallycalledanFNN

system [5].

Thefuzzyinferencemodelcanbeaccomplishedthroughaclusteringofnumerical

data.A clustercenterisinessenceaprototypicaldatapointthatexemplifiesa

characteristicbehaviorofatargetsystem,andeachclustercentercanbeusedas

thebasisofafuzzyrulethatdescribesthesystem behavior.Thedevelopmentofa

completefuzzysystem identificationalgorithm canthereforebebasedontheresults

ofasubtractiveclustering(SC)technique;thistypeoftechniquecanbeusedas

thebasisofafastandrobustalgorithm foridentifyingafuzzyinferencemodel.

WethereforepresentafuzzyinferencemodelbasedonanSC method,andthe

modelcanbeusedtopredicttheresidualstressofdissimilarmetalwelding[6].

Thedata-basedfuzzyinferencemodelassumestheavailabilityof input/output

trainingdatapairs  ,where     ⋯        .

Ifweassumethatthedatapointshavebeennormalizedineachdimension,the

methodcanbeginbygeneratinganumberofclustersinthe× dimensional

inputspace.Todevelopasystematicapproachtothegenerationoffuzzyrules

from agiven input-outputdata set,wecan usea Takagi-Sugeno-typefuzzy
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inferencemodel,wherethe -th fuzzy ruleforthe -th timeinstantdatais

formulatedasfollows[6]:

        ⋯       

     ⋯  

(1)

where istheinputlinguisticvariabletothefuzzyinferencemodel

(       =thenumberofinputvariables),   isthemembership

functionofthe -thinputvariableforthe -thfuzzyrule(       =the

numberofrules),and istheoutputofthe-thfuzzyrule.

Liketwomethodswhichwerementionedpreviously,theSCmethodisappliedto

obtaintheinformativetrainingdata.Andwhentheclusterestimationmethodis

applied to a collection ofinput/outputdata,wecan generatea numberof 

Takagi-Sugeno-typefuzzyrules,wherethepremisepartsarefuzzysetsdefinedby

the clustercenters thatare obtained by the SC algorithm.The membership

functionvalue, ,ofaninputdatavector,,tothe -thclustercenter,

 ,canbedefinedasfollows:

    
 ∥     ∥




. (2)

Thefuzzyinferencemodeloutput,,iscalculatedbytheweightedaverageof

theconsequentpartsofthefuzzyrulesasfollows:




  



  


  



  

. (3)

Thefunction   isapolynomialintheinputvariables,butitcanbeany

functionaslongasitcanappropriatelydescribetheoutputofthefuzzyinference

system withinthefuzzy region specifiedby theantecedentoftherule.In the

Takagi-Sugeno-type[5]fuzzy inferencemodel,theoutputofan arbitrary -th

fuzzy rule,,isusually representedbythefollowing first-orderpolynomialof

inputs:
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   , (4)

where  isaweightingvalueofthe -thinputonthe -thfuzzyruleoutput

and isabiasofthe-thfuzzyruleoutput.

Theoutputofthefuzzy inferencemodelgiven by Eq.(3)can thereforebe

rewrittenas

 
  


   

 , (5)

where

 


  



  

 
,

   ⋯  ⋯⋯  ⋯   ⋯  
,and

    ⋯
 ⋯⋯

 ⋯
 

⋯


 

  ⋯ 

Thevalue  representsthenormalizedcompatibilitygradeofthe -thfuzzy

ruleandconsistsoftheinputdataandthenormalizedmembershipfunctionvalues.

Thevector  iscalledtheconsequentparametervector.Figure1describesthe

calculationprocedureoftheFNNmodel.
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Fig.1.Afuzzyneuralnetworkmodel
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2.TrainingoftheFuzzyInferenceModels

To attain the desired performance,the fuzzy inference system should be

optimizedbyadaptingtheantecedentparameters(membershipfunctionparameters)

andtheconsequentparameters(thepolynomialcoefficientsoftheconsequentpart).

Thegeneticalgorithm thathasrecently been widely usedasanoptimization

method assumestheform ofstarting from many search pointssimultaneously

climbing manypeaksinparallel.Thatalgorithm isthereforelesssusceptibleto

being stuck atlocaloptimum than conventionalsearch methods.Moreover,the

geneticalgorithm isthemostusefulmethodofsolvingoptimizationproblemswith

multiple objectives. However, because the genetic algorithm requires much

computationaltimeiftherearemanyparametersinvolved,wecancombinethe

genetic algorithm with a least squares algorithm to reduce the number of

parameters thatneed to be optimized by the genetic algorithm.The genetic

algorithm isusedtooptimizetheclusterradii and  asameansofgenerating

themembershipfunctionthroughtheSC ofthenumericaldata;italsooptimizes

theotherclusterradiioftheSC whichwasexplainedinSVR asameansof

samplingthetrainingdatafrom alltheacquireddata.Theleastsquaresalgorithm

isusedtocalculatetheconsequentparameters  and.

Ingeneticalgorithms,theterm chromosomereferstoacandidatesolutionthat

minimizesacostfunctionandthecandidatesolutionisgenerallyencodedasabit

string.Thebitstringsforeachchromosomeincludethetwoclusterradii, and

,forthemembershipfunctiongenerationandothertwoclusterradiiforsampling

ofthetrainingdata;notealsothatthebitstringsareencodedwithbinarybits.As

the generation proceeds,the chromosome populations are iteratively altered by

biologicalmechanismsinspiredbynaturalevolution,suchasselection,crossover,

andmutation.

Thegeneticalgorithmsrequireafitnessfunctionthatassignsascoretoeach
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chromosome(candidatesolution)inthecurrentpopulation;theyalsomaximizethe

fitnessfunction value.Thefitnessfunction evaluatestheextenttowhich each

candidatesolutionissuitableforspecifiedobjectives.A rootmeansquare(RMS)

errorandamaximum errorcanbeameasureoftheestimationperformanceofthe

FNN model.However,the minimization ofthe errors may only induce the

overfittingintheFNNmodel,whichmeansthattheFNNmodelisagoodfitfora

specificdataset(thetraining data)butnotforanotherdataset.Wetherefore

divided theacquired dataintothreekindsofdatasets:thetraining data,the

optimization data,and thetestdata.Thetraining data areused to solvethe

antecedentparametersandtheconsequentparametersoftheFNN models.The

optimizationdataareusedtoimprovegeneralizationcapabilityoftheFNN model

by using anotherindependentdata set.We used the testdata to verify the

developed FNN models.Ourspecified multipleobjectivesweretominimizethe

RMSerroralongwiththesmallmaximum error.

Ifthe antecedentparameters ofthe FNN modelare fixed by the genetic

algorithm,theoutputoftheresultingFNN modelcanbedescribedasaseriesof

expansionsofsomebasisfunctions.Thebasisfunctionexpansionislinearinits

adjustableparameters,as shown in Eq.(5),because    isknown by the

geneticalgorithm.Thus,wecanusetheleastsquaresmethodtodeterminethe

consequentparameters.Theconsequentparameter waschosentominimizethe

followingcostfunction,includingthesquarederrorbetweenthetargetoutput

andtheestimatedoutput:

  
  

 

    
  

 

    


, (6)

where

   ⋯  
 and      ⋯   

 .

Thesolutionforminimizingtheabovecostfunctioncanbeobtainedby

  , (7)

where
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   ⋯  
 .

Tosolvetheparametervector inEq.(7),weshouldensurethatthematrix

isinvertiblebutnotusuallyasquarematrix.Wecaneasilysolvetheparameter

vector inEq.(32)byusingthepseudo-inverseofthe matrixasfollows:

  . (8)

Theparametervector canbecalculatedwithaseriesof  input/outputdata

pairspreparedforthetrainingdata[6].

B.GMDH (GroupMethodofDataHandling)Method

In ordertosolvethesystem problem such ascontrol,monitoring,prediction,

diagnosisandsoon,alotofmathematicalmethodshavebeenstudied.

TheGMDH methodisoneofthem.A GMDH modelwasusedtopredictthe

majortransienttimepointsaccuratelywhenLOCAsoccurred.Generally,theGMDH

algorithm canautomaticallyfindinterrelationsinthedataandselecttheoptimal

structureofthemodel.TheGMDHmethodwhichisoneofthedata-drivenmodels

such as ANN (ArtificialNeuralNetwork)can be used forLOCA break size

prediction in this paper.Data-driven models have many advantages ofeasy

implementation and accuracy,and famous forsuperiorcapability in modelling

complexsystems[7].

1.BasicGMDH algorithm

TheGMDH algorithm usesadatastructuresimilartothatofmultipleregression

models.Thedatasetcanbedividedintothetraining dataandtestdata.The

reason ofdividing the data setis to preventoverfitting and maintain model

parsimony.Fig.2showsthedatastructureusedintheGMDH methodwithN

beingthenumberofobservationsandm thenumberofpredictionmodelinputs[7].
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Fig.2.GMDHdatastructure

Datasetsfrom 1totareusedformodelfitting,andsetsfrom t+1tonare

usedforoverfittingcheck.Anotherapproachistousetheentiredatasetasthe

checking data.TheGMDH usesaself-organizing modeling algorithm with the

flexibilityofchoosingnonlinearformsofthebasicinputs{,,…,}.Figure3

showsthebrancharchitecturesoftheGMDH module,whichbeginswiththebasic

inputsatthefirstlevel,andbecomemorecomplicatedasthenumberoflayers

increases[7].

Fig.3.BranchstructureoftheGMDHModel
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TheoriginalGMDH methodadoptedthefollowinggeneralform ateachlevelof

thesuccessiveapproximation[8]:

      
 

  (9)

Although only quadratic terms are shown in Equation (9),more complex

functionalformssuchasratioterms,trigonometric,logicandexponentialterms,

couldalsobeincorporatedasinputtermsaccordingtothecomplexityofsystem.

TheGMDH algorithm constructsahigh-orderpolynomialofKolmogorov-Gabor

form.TheKolmogorov-Gaborform thatiscalledasIvakhnenkopolynomialcanbe

expressedasfollows[8]:

   
  




  




  




  




  




  



 (10)

whereisaninputvectorandisacoefficientvectorthatisaweightvectorof

Kolmogorov-Gaborpolynomial.TheGMDH algorithm candeterminethestructure

ofthemodelandalsocalculatethesystem outputofthemostimportantinput

simultaneously.Thisusesthecompositionoflowerorderpolynomialsmentioned

above.ThatmeanstheGMDH algorithm combineslowerorderregression type

polynomialsateach generation to arriveatthenextgeneration.Thisprocess

continuesuntiltheGMDH modelstartstosimulatethenoisein training orit

exceedsmaximum calculationtime.Ifanevaluationvalue()isgreaterthana

referencevalue,theregressionequationisfallenbehind.Otherwise,theregression

equationissurvived.Thesurvivedregressionequationvalueisusedasatraining

dataofthenew generation.Thisprocessisconductedaboutallpossiblepairsof

independentvariables.Thedescendantwiththesmallestevaluationvalueinthe

evaluation ofthis generation is selected as the optimum fit.Ifthe smallest

evaluation valueofthecurrentgeneration issmallerthan thatoftheprevious

generation,theaboveprocessisperformed repeatedly.When overfitting ofthe

evaluation(min
 )valueisfoundthroughalternationofgeneration,theprocessis

stopped.Thatis,ifthesmallestevaluationvalueofthecurrentgenerationislarger

thanthatofthepreviousgeneration,theprocessisstopped[9].
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Asshown in Fig.4,ifoverfitting isfound,theprocessofthealgorithm is

stoppedandtheoptimum fitofthepreviousgenerationisselectedastheoptimized

modelthatpredictstheLOCAsize[9].

1 2 3 ... g

min
gR

Optimum fit

GMDH process 
stop

. .4 5 . .

Fig.4.Evaluationvalueofeachgeneration

2.MainImplementationSteps

TheGMDH algorithm hasbeendevelopedandimprovedinmanyapplications.

Themainstepsinitsimplementationaregivenbelow.

Step1:

Constructing theinputand corresponding outputdata forGMDH modeland

dividingthem intotraining andtesting sets.Preprocessingthedatainorderto

normalizethedataset.
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Step2:

Choosing the externalinputs to the GMDH network.Calculating regression

polynomialparametersforeachpairofinputvariablesxandassociatedoutputyin

the training sets.Least-squares error(LSE)linear regression parameters are

calculated.  linear-regression parameters are involved in this step.

Ridgeregressionisadoptedinordertoavoidthecollinearproblem.

Step3:

Recalculating presentlayer’s outputusing alldata sets with the parameters

generatedinstep2.Storetheseoutputsinanew matrixasthenew inputterms

forthenextlayeroftheGMDHarchitecture.

Step4:

SortingofVariables.Atthecompletionofstep3,thealgorithm designsagroup

ofnew variables(        )inthepreviousstep.Here, isthe

numberofinputvariablesforgeneration.A criterionisusedtoevaluatethenew

variablesinthegeneration  andisrelatedwiththeerrorforthecheckingdata,

whichisdefinedasfollows:


 


   







    



  


for     (18)

Wherejisthenumberoflayer.ArrangingthecolumnsofZbyincreasingorder

of.Anarbitrarycut-offvalue‘R’needstobeselectedbytheanalyst.Allthe

columnsofZsatisfying <Rarepickedtoreplacetheinputtermsintheprevious

layer,andallthevariableswith >R arescreenedoutandarenotpassedonto

thenextgenerationofthealgorithm.

Step5:

Optimalitytest:

Theprocessaboveisperformedrecursively untiloverfitting isfoundthrough

crosschecking;thatis,whentheRMSE ofcurrentlayerislargerthanthelast
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layer.Indetailtheprocedureis:theminimum valueofthose’sforgenerationk

is denoted as min,if min>m in,then the algorithm training and testing

processesstopandthepolynomialwiththeminimum valueoftheerrorcriterionin

layerk-1isselectedtobethefinalapproximatemodel.Otherwise,thealgorithm

movestothenextlayerandrepeatstheabovesteps.

Ithasbeenshownthatm in curvehasthequadraticshape,thusshowingthat

theGMDHdoesconvergetoaglobalminimum value[10].

Atthe end oftheGMDH algorithm,regression parameters are stored.The

estimatedcoefficientforthehigh-orderpolynomialisdeterminedbytracingback

theGMDHstructureuntilitreachestheoriginalvariables    ⋯   .Asshown

in Fig.5,the tree structure with the optimum fitatthe top is called an

IvakhnenkoTree[11].

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

2nd generation

3rd generation

4th generation

Kth generation

(Optimum Fit)

···

···

···

Fig.5.Ivakhnenkotree
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C.PerformanceComparisonofFNN andGMDH Method

A fuzzy neuralnetwork (FNN)andgroupmethodofdatahandling (GMDH)

models were applied to predict the important timings of the LOCA (time

approaching the core exittemperature exceeding 1200°F,core uncovery time,

reactorvesselfailuretime,etc.).TheinputdataforGMDHandFNNmodelisused

whattheintegralvalueofthemeasuredsignalwithin90secondsafterthereactor

shutdown.Table 1 showsselected inputs and integrating time forthe severe

accidentscenarioofhot-leg,cold-leg,SGTRthatwereappliedGMDHModel.And

table2showsselectedinputsandintegratingtimeforthesevereaccidentscenario

ofhot-leg,cold-leg,SGTRthatwereappliedFNNModel.

TABLE1.TheselectedinputsandintegratingtimeoftheGMDHModel

(a)Hot-legLOCA

Scenariotype Selectedinputs
Integratingtime

span(sec)

Coreexposuretime

Pressurizerwaterlevel 90

Collapsedsumpwaterlevel 30

Collapsedwaterlevel 40

UnbrokensideS/G watertemperature 60

TimethatCET

exceeds1200℉

Containmentpressure 30

Containmentgastemperature 90

Pressurizerwaterlevel 50

Collapsedwaterlevel 90

Reactorvessel

failuretime

Pressurizerpressure 30

Pressurizerwaterlevel 30

BrokensideS/G waterlevel 90
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(b)Cold-legLOCA

Scenariotype Selectedinputs
Integratingtime

span(sec)

Coreexposuretime

Collapsedsumpwaterlevel 30

Collapsedwaterlevel 60

BrokensideS/Gwaterlevel 30

BrokensideS/Gpressure 60

UnbrokensideS/Gwaterlevel 30

UnbrokensideS/Gpressure 70

TimethatCET

exceeds1200℉

Containmentgastemperature 40

Pressurizerpressure 90

UnbrokensideS/Gwaterlevel 90

BrokensideS/Gwatertemperature 30

Reactorvessel

failuretime

Containmentpressure 90

Pressurizerpressure 30

BrokensideS/Gwaterlevel 90

(c)SGTR

Scenariotype Selectedinputs Integratingtime
span(sec)

Coreexposure

time

Collapsedwaterlevel 90

BrokensideS/Gwaterlevel 30

UnbrokensideS/Gwaterlevel 90

TimethatCET

exceeds1200℉

Coreexittemperature 30

Pressurizerpressure 30

BrokensideS/Gwaterlevel 30

Reactorvessel

failuretime

Coreexittemperature 30

Pressurizerwaterlevel 30

BrokensideS/Gwatertemperature 30
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TABLE2.TheselectedinputsandintegratingtimeoftheFNNModel

(a)Hot-legLOCA

Scenariotype Selectedinputs
Integratingtime
span(sec)

Coreexposuretime

Coreexittemperature 30

Containmentpressure 70

Pressurizerwaterlevel 70

Collapsedwaterlevel 30

BrokensideS/Gpressure 30

TimethatCET

exceeds1200℉

UnbrokensideS/Gwaterlevel 60

Coreexittemperature 30

Containmentpressure 90

Pressurizerwaterlevel 90

Collapsedsumpwaterlevel 50

BrokensideS/Gwatertemperature 30

Reactorvessel

failuretime

Coreexittemperature 30

Containmentpressure 30

Pressurizerwaterlevel 30

(b)Cold-legLOCA

Scenariotype Selectedinputs
Integratingtime
span(sec)

Coreexposuretime

Coreexittemperature 30

Containmentpressure 30

Pressurizerwaterlevel 90

Collapsedsumpwaterlevel 90

Collapsedwaterlevel 30

BrokensideS/Gpressure 30

TimethatCET

exceeds1200℉

Containmentgastemperature 50

Pressurizerpressure 40

UnbrokensideS/Gwatertemperature 90

BrokensideS/Gwatertemperature 30

Reactorvessel

failuretime

Coreexittemperature 30

Containmentgastemperature 90

Pressurizerpressure 90
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(c)SGTR

Scenariotype Selectedinputs
Integratingtime

span(sec)

Coreexposuretime

Coreexittemperature 30

BrokensideS/Gpressure 30

UnbrokensideS/Gwaterlevel 30

TimethatCET

exceeds1200℉

BrokensideS/Gwaterlevel 90

UnbrokensideS/Gpressure 90

BrokensideS/Gwatertemperature 30

Reactorvessel

failuretime

Collapsedwaterlevel 30

BrokensideS/Gwaterlevel 90

BrokensideS/Gwatertemperature 30

Figs.6-8show theimportanttimingsforthesevereaccidentscenarioofhot-leg,

cold-leg,SGTRthatwereappliedGMDHModel.
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Fig.6.PredictionofthesevereaccidentscenarioinHot-legLOCA
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Fig.6.PredictionofthesevereaccidentscenarioinHot-legLOCA (continued)
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Fig.7.PredictionofthesevereaccidentscenarioinCold-legLOCA
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Fig.7.PredictionofthesevereaccidentscenarioinCold-legLOCA (continued)
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Fig.8.PredictionofthesevereaccidentscenarioinSGTR
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Fig.8.PredictionofthesevereaccidentscenarioinSGTR(continued)
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Figs.9-11 show the importanttimings forthe severe accidentscenario of

hot-leg,cold-leg,SGTRthatwereappliedFNNModel.
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Fig.9.PredictionofthesevereaccidentscenarioinHot-legLOCA
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Fig.9.PredictionofthesevereaccidentscenarioinHot-legLOCA (continued)
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Fig.10.PredictionofthesevereaccidentscenarioinCold-legLOCA
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Fig.10.PredictionofthesevereaccidentscenarioinCold-legLOCA (continued)
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Fig.11.PredictionofthesevereaccidentscenarioinSGTR
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Fig.11.PredictionofthesevereaccidentscenarioinSGTR(continued)

Table3istheresultofapredictionperformancecomparisonfortheGMDH and

FNNmodel.

ThatshowstheRMSerrorabouttheimportanttimingofsevereaccidents.Itis

confirmedthattheperformanceoftheGMDH modelissuperiorthantheFNN

model.Ifthe GMDH modelhas the capability to accurately predictthe core

uncoveryandRV failuretime,itispossibletodeterminetherecoverytimeofthe

SISsforpreventingthecoreuncoveryandRVfailure.
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TABLE3.PredictionperformanceoftheGMDHandFNNmodel

Initiating

Event
Scenariotype

GMDHmodel FNNmodel

RMSerror(%) RMSerror(%)

Hot-leg

LOCA

Coreexposuretime 15.7101 16.5496

TimethatCET

exceeds1200℉
10.7640 17.7667

RVfailuretime 5.0384 4.7468

Cold-leg

LOCA

Coreexposuretime 13.8685 34.6682

TimethatCET

exceeds1200℉
7.9373 8.6023

RVfailuretime 4.3734 7.0943

SGTR

Coreexposuretime 1.3699 2.1122

TimethatCET

exceeds1200℉
1.5448 1.8323

RVfailuretime 10.8637 11.6426
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Ⅲ.AccidentSimulationData

TheproposedmodelwasappliedtopredicttheLOCA breaksizeandLOCA

scenarios.Totrain andindependently testaproposed model,itisessentialto

obtainthedatausing numericalsimulationsbecausethereislittlerealaccident

data.Therefore,thetrainingandtestdataoftheproposedmodelwasacquiredby

simulating thesevereaccidentscenariosusing theMAAP4coderegarding the

OPR1000nuclearpowerplant.

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

LOCA sizewaspredictedaccuratelyinpreviousstudies,withanapproximately1%

errorlevel.Therefore,theLOCA sizesignal,which isan inputsignaltothe

GMDH model,was assumed to be predicted from the algorithms ofprevious

studies[].

Throughthesimulations,atotalof810casesofsevereaccidentscenarioswere

obtained.Thisdatawascomposedof270piecesofhot-legLOCA.
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Case
SIT

Operation
HPSIOperation LPSIOperation CSSOperation

1 Success N/A N/A Inj& Rec

2 Success Inj& Rec N/A Inj& Rec

3 Success N/A Inj& Rec Inj& Rec

4 Success DelayInj& Rec N/A Inj& Rec

5 Success N/A DelayInj& Rec Inj& Rec

Ⅳ.DeterminationoftheRecoveryTime

Simulationswereconductedaccordingtobreaksize(0.1%,1%,… ,100%),and

HighPressureandLow PressureSafetyInjectionsystem (HPSI,LPSI)actuation

statusinhot-legLOCA.ItwasassumedthatContainmentSpraySystem (CSS)

andRecirculation(REC)modewerenormallyactuated.

Simulationswereconductedaccordingtobreaksizebyeachcase(Table4).

Table4.Simulationcase
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Fig.12showsthecoreuncoveryandRV failuretimeofthecase1forthe

severeaccidentscenarioofhot-legLOCA.

Fig.12.CoreuncoveryandRVfailuretimeofthecase1(Hot-legLOCA)

A.Theinfluenceofthehighpressuresafetyinjection

Fig.13show thecoreuncovery timeofthecase2forthesevereaccident

scenarioofhot-legLOCA.Incaseofmorethanapproximately30% breakarea,

coreuncoveryisoccurredbythemassivecoolantleaks.IftheHPSIisnormally

operated,RVfailuredoesnotoccur.ItispossibletopreventRVfailure.
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Fig.13.CoreuncoveryandRVfailuretimeofthecase2(Hot-legLOCA)

Table5showsthatcoreuncovery doesnotoccurin caseofHPSInormal

actuationincaseoflessthanapproximately30% breakarea.Butcoreuncoveryis

occurredbythemassivecoolantleaksincaseofmorethanapproximately30%

breakarea.

Incaseoflessthan30% breakarea,itispossibletopreventcoreuncovery

although HPSIisdelayed.And weconfirm recovery timeforpreventing core

uncovery.

In caseofmorethan 30% break area,itispossibleto preventRV failure

accordingtotheHPSIactuationtime.ItisrecoverytimeforpreventingRVfailure.

Table5showscoreuncoveryandRV failuretimesaccordingtobreakareaand

thenormalactuationofHPSIanditsdelayedactuationinhot-legLOCA.
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BreakArea
Max:1.787m²

NoLPSI,HPSInormal
Delaytime

NoLPSI,HPSIdelay

Uncovery RVfailure Uncovery RVfailure

0.1% - - 3180 3403.7 -

1% - - 350 435.8 -

10% - - 610 664.7 -

20% - - 440 488.1 -

30% 13.2 - 7590 13.2 7672.1

40% 11.2 - 7520 11.2 7604.5

50% 10.1 - 7550 10.1 7636

60% 8.7 - 7540 8.7 7634.1

70% 8.3 - 7620 7.7 7733.9

80% 6.9 - 7570 6.9 7762.7

90% 6.7 - 7500 6.2 7638.2

100% 6.7 - 7430 7.7 7626.5

TABLE5.Theinfluenceofthehighpressuresafetyinjectioninhot-leg(Case2,4)
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B.Theinfluenceofthelow pressuresafetyinjection

Thesituation thatonly LPSIactuatesissimilartothatofHPSI,butitis

differentin lessthan 3% break area.TheLPSIdoesnotactuatenormally by

primarysidesystem pressureincaseoflessthan3% breakarea.

Figs.14and15show thecoreuncoveryandRV failuretimeofthecase3for

thesevereaccidentscenarioofhot-legLOCA.Incaseoflessthanapproximately

3% breakarea,coreuncoveryandRV failureareoccurred.BecausetheLPSIdoes

notactuatenormally by primary sidesystem pressure.IftheLPSIisnormally

operated,RV failuredoesnotoccurincaseofmorethanapproximately3% break

area.

Fig.14.Coreuncoverytimeofthecase3(Hot-legLOCA)
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Fig.15.RVfailuretimeofthecase3(Hot-legLOCA)

Table6showsthatcoreuncovery doesnotoccurin caseofLPSInormal

actuationincaseoflessthanapproximately30% breakareaexceptforlessthan

3% break area.Butin caseofmorethanapproximately 30% breakarea,core

uncoveryisoccurredbythemassivecoolantleaks.

Incaseoflessthan30% breakarea,itispossibletopreventcoreuncovery

although LPSIisdelayed.And we confirm recovery time forpreventing core

uncovery.

In caseofmorethan 30% break area,itispossibleto preventRV failure

accordingtotheLPSIactuationtime.ItisrecoverytimeforpreventingRVfailure.

Table6showscoreuncoveryandRV failuretimesaccordingtobreakareaand

thenormalactuationofLPSIanditsdelayedactuationinhot-legLOCA.
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BreakArea

Max:1.787m²

NoHPSI,LPSInormal
Delaytime

NoHPSI,LPSIdelay

Uncovery RVfailure Uncovery RVfailure

0.1% 3406 11320.7

1% 435 60045

3% - - 1180 1238 -

5% - - 860 918 -

10% - - 610 663.8 -

20% - - 440 487.2 -

30% 13.2 - 7590 13.2 7677

40% 11.2 - 7510 11.2 7607.8

50% 10.1 - 7540 10.1 7637.6

60% 8.7 - 7520 8.7 7645.3

70% 7.7 - 7600 7.7 7745.7

80% 6.9 - 7560 6.9 7706.4

90% 6.2 - 7490 6.2 7643

100% 5.7 - 7480 5.7 7611.7

TABLE6.Theinfluenceofthelow pressuresafetyinjectioninhot-leg(Case3,5)

Fig.16showsthepressureandmaintimepointsthattheLPSInormallycan

actuateinthe1% breakarea.Incaseoflessthan4,307,000PA ofprimaryside

pressure,SIT ispossibletoinjectafterapproximately461sec.AndIncaseofless

than1,258,000PA ofprimarysidepressure,theLPSIispossibletoinjectafter

approximately802sec.
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Ⅴ.Conclusions

Tocheckthestatusofthereactorisveryimportant,dependingontheactuation

changeofthesafety systems.According tothepreviousstudy[4],theGMDH

modelhasthecapability toaccurately predictthecoreuncovery timeandRV

failuretime.Theobjectiveofthisthesisistodeterminetherecoverytimeofthe

unhealthysafetyinjectionsystemsforpreventingthecoreuncoveryandRV failure

inhot-legLOCAthatmayoccurduetothenon-actuationofSIS.

This thesis confirmed an alteration ofsignificant timing according to the

actuationstatusofthesafetyinjectionsystem throughthesimulationsofOPR1000.

Asaresultofdeterminationoftherecoverytime,thisthesiscouldfindthe

elementsthatinterferewiththeproperoperationofthesafety system suchas

pressureandtimedelay.

Incaseoflessthan30% breakareainhot-legLOCA,itispossibletoprevent

coreuncovery althoughtheactuationofHPSIisdelayed.Therefore,thisthesis

determinedthedelayedactuationtimeforpreventingcoreuncovery.

Incaseofmorethan30% breakareainhot-legLOCA,itispossibletoprevent

RV failureaccordingtotheHPSIactuationtimealthoughitdoesnotpreventcore

uncovery.Therefore,this thesis determined the delayed actuation time for

preventingRVfailure.

Thesituation thatonly LPSIactuatesissimilartothatofHPSI,butitis

differentinlessthan3% breakareainhot-legLOCA.BecausetheLPSIdoesnot

actuatenormally by primary sidesystem pressure,thecoreuncovery and RV

failureareoccurred incaseoflessthanapproximately3% breakareainhot-leg

LOCA.
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