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Abstract

PredictionofAxialDNBRDistributioninaHotNuclear

FuelRodUsingSupportVectorRegression

김 동 수

지도 교수 :나 만 균

조선대학교 일반대학원 원자력공학과

비등위기 및 핵연료 피복관 용융을 방지하기 위한 지표인자인 핵비등이탈율 계산은

안전성 측면에서 계속 모니터링 되어야 하는 매우 중요한 인자이다.현재 원자력 발전

소에 있는 대부분의 원자로 노심보호 시스템들은 핵비등이탈을 예방하기 위하여 고온

봉의 허위 위치(pseudoposition)에서의 최소 핵비등이탈률을 사용하는데 이것은 핵비

등이탈을 예측하는데 보수적인 결과를 초래하여 원자력발전소의 운전여유도를 감소시

킨다.따라서,본 논문에서는 데이터 기반 인공지능 방법 중 하나인 SupportVector

Regression방법을 이용하여 고온봉의 실제 위치(actualposition)에서의 DNBR분포를

예측하였다.위의 SVR모델은 학습데이터를 이용하여 개발되었으며,학습데이터와 독

립적인 시험데이터에 의해 성능이 증명되었다.또한 더 많은 정보를 가지고 있는 학습

데이터를 선정하기 위해 SubtractiveClustering방법이 사용되었다.제안된 DNB예측

알고리즘은 영광 원자력발전소 3호기의 시뮬레이션으로부터 획득된 수많은 데이터를

사용하여 증명되었다.개발된 모델의 적용 결과,고온봉의 13개 축방향 위치에서 평균

RMS오차는 0.87%였다.이 결과는 개발된 모델이 DNBR을 정확히 예측한다는 것을

보여주며,실제 발전소의 노심보호 및 감시계통에 적용가능성을 제공할 수 있을 것으

로 기대된다.
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Ⅰ.Introduction

Thepressurizedwaterreactors(PWRs)generallyoperateinthenucleateboiling

regime.However,ifthefuelrodisoperatingathighpowerdensity,thenucleate

boilingmayeventuallyreachthefilm boilingaccompaniedbyseverereductionof

heattransfercapability.Theconversionofthenucleateboilingintothefilm boiling

inducestheboilingcrisisthatinthelongrunmaycausefuelcladmelting.This

typeofboiling crisisisa phenomenon called Departurefrom NucleateBoiling

(DNB).TheDNBphenomenaoverheatthecladdingandfuelpelletifthereactoris

notimmediatelyshutdown[1].ItisveryimportanttomonitorandpredicttheDNB

Ratio(DNBR)topreventtheboilingcrisisandcladmelting.Here,theDNBRatio

(DNBR)isdefinedastheratiooftheexpectedcriticalheatflux(CHF)tothe

actualfuelrodheatflux.Sofar,lotsofresearcheshavebeencarriedoutonthe

predictionofDNBRvalues[2-7].

Inthisthesis,acorrelationlimitDNBR isestablishedbasedonthevarianceof

thecorrelationsuchthatthereisa95% probabilityat95% confidencelevelsthat

DNB willnottakeplacewhenthecalculatedDNBR isatthecorrelation limit

DNBR.ThevariablevaluedesignmethodpresumesthattheDNBRonthelimiting

powerrodisgreaterthanthecorrelationlimitDNBRbystatisticallycombiningthe

effects ofuncertainties ofthe inputparameters.The design limitDNBR is

determined by utilizing the DNBR sensitivities and variances in three input

parametercategories:plantoperatingparameters,nuclearandthermalparameters,

andfabricationparameters[8].

OPR1000andAPR1400whicharenuclearreactorsdevelopedbyKoreahydroand

nuclearpowercompany (KHNP),employ theCoreOperating LimitSupervisory

System (COLSS)formonitoringandtheCoreProtectionCalculatorSystem (CPCS)

forprotection.These systems continuously calculate DNBR and LocalPower

Density(LPD)inordertoassurethatthespecifiedacceptablefueldesignlimitson

DNB and centerline melt are not exceeded during anticipated operational
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occurrences. The CPCS calculates faster than COLSS but produces more

conservativevaluesthanCOLSS.EventhoughtheCOLSScalculatesmoreaccurate

DNBRthantheCPCS,theCOLSScalculatestheminimum DNBR(MDNBR)using

thepseudohotrodaxialpowerdistributionwhichisdefinedasmultiplicationof

the core average axialpower distribution and the planewise peaking factor

according tothecontrolrod configuration.Therefore,thepseudohotrod axial

powerdistributionisdifferentfrom therealhotrodaxialpowerdistributioninthe

reactorcoreandtheMDNBR isusuallyunderestimatedabout35% asmuchas

best-estimated DNBR.Iftheproposed algorithm can predicttheDNBR within

about10% error,itwillbesuccessful.

A numberofmathematicalalgorithmsrequiringhighprecisionhavebeenstudied

tosolveengineeringsystem problems,suchasmonitoringanddiagnostics.Artificial

intelligencemethodshavebeenextensivelyandsuccessfully appliedtononlinear

function approximation such as the problem in question forpredicting DNBR

values,which areafunction ofvariousinputvariables[3],[6],[9],[10],[11].

Amongthem,thisworkemployedthesupportvectorregression(SVR)modelto

predictaxialDNBRdistributioninthereactorcorebasedonmeasuredsignalsfrom

thereactorcoolantsystem.Also,theproposedDNBestimationalgorithm isverified

byusingnuclearandthermaldata[10]acquiredfrom lotsofnumericalsimulations

oftheYonggwangnuclearpowerplantunit3(YGN-3).Theusedinputdataare

thereactorpower,thecoreinlettemperature,thepressurizerpressure,thecoolant

flowrateofthereactorcore,theaxialshapeindex(ASI),avarietyofcontrolrod

positionsandtheoutputdataisDNBRvaluesateachaxiallocationofahotrod.

Also,hotrodDNBdatawasobtainedbyrunningtheMASTER[12]andCOBRA

[13]codes.
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Ⅱ.SupportVectorRegression

A.ModelDevelopment

Currently,on-linemonitoringtechniquesusingartificialintelligenceareexplained

inliteratures[14-15]onapplicationstoanuclearengineeringfield.TheSVMsare

an alternative training method using a kernelfunction foran artificialneural

network(ANN)andareusefulforrecognizingsubtlepatternsincomplexdatasets.

Generally,TheSVMsaretrainedwithalearningalgorithm thatoriginatesfrom

theoreticalfoundationsofstatisticallearningtheoryandstructuralriskminimization

(SRM).Figure1depictstheSRM principlegraphically[16].Theriskboundisthe

sum oftheempiricalriskandtheconfidenceinterval.Empiricalriskminimization

(ERM) methods only depend on minimizing the empirical risk under no

circumstances,whereasSRM methodsfindsthefunction  thatgivesthesmallest

guaranteedrisk  forthegivendataset.InFigure1, denotesthedimension

ofthesetoffunctions ofthe learning machines.A structure on the setof

functionsisdeterminedbythenestedsubsetsoffunctions; ⊂  ⊂  ⊂⋯.Any

element  of structrue has a finite dimension .The difference in risk

minimizationleadstobettergeneralizationinSVMsthanANNs[16].

ANNsuseconventionalERM principletominimizeapproximationerrorsofthe

trainingdata.Ontheotherhand,SVMsuseanSRM principletominimizethe

upperbound oftheexpected risk,which enablesSVMsto havean optimum

structure.Butin case thattherearemany training data,SVMs requirelong

training time.Butaftercompletion oftraining,there is no difference in the

calculationtimeofDNBR whichistoofast.TheSVMscanbewellappliedto

regression and classification problems.In other words,there are two main

categoriesforsupportvectormachines:supportvectorclassification (SVC)and

supportvectorregression(SVR).Thisthesissolvesatypicalregressionproblem
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whichistoapproximateanunknownfunction,whichcanbeexpressedasalinear

expansionofbasisfunctions.

1h
*h nh

1S
*S nS

R(f
*
)

structure index ( h)

 empirical risk
 confidence interval

 bound on risk

Fig.1.GraphicaldescriptionoftheSRM principle

AnSVRmodellearnsarelationshipbetweentheinputsandtheoutputfrom the

training dataset  
 ∈× where  istheinputvectortoanSVR

model, theactualoutputvalue, thetotalnumberofdata,and thenumber

ofinputsignals.Thesupportvectorapproximationisexpandedasfollows:

    
  



    
   (1)

where

    ⋯  
 ,

    ⋯  
.



- 5 -

After inputvectors  are mapped into vectors  ofthe multidimensional

kernel-inducedfeaturespace,thenonlinearregression modelturnsintoalinear

regressionmodelinthefeaturespace.Thefunction iscalledthefeature,and

parameters and  aresupportvectorweightandbias,whicharecalculatedby

minimizingthefollowingregularizedriskfunction[16]:

   

   

  



   (2)

where

      i f    
    

(3)

InEq.(2),thefirstterm isaweightvectornorm thatischaracterizedasmodel

complexityandthesecondterm isanapproximationerror.Theconstant which

isoneoftheuser-specifiedparametersisknownastheregularizationparameter.

Theregularizationparameterdeterminesthetrade-offbetweentheapproximation

errorandtheweightvectornorm.Also,thefunction   using another

user-specifiedparameter iscalledthe -insensitivelossfunction[17].Theloss

equalszeroifthepredictedvalue  fallsinsidetheinsensitivityzone ,that

means thatthepredicted value iswithin theinsensitivity zone.Forallother

estimatedpointsoutsidetheerrorlevel,,thelossisequaltothemagnitudeofthe

differencebetweentheestimatedvalueand (seeFig.2and3)
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Fig.2.Linear-insensitivelossfunction
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Fig.3.Insensitive-tubefortheSVRmodel

Minimizingtheregularizedriskfunctionisequivalenttominimizingthefollowing

constrainedriskfunction:
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    



  




  (4)

subjecttotheconstraint











≤   ⋯  

≤
   ⋯  

 
 ≥   ⋯  

(5)

where

    ⋯  
,

   
 

 ⋯ 
 

Theparameters  and 
 aretheslackvariablesthatrepresenttheupperand

lowerconstraintsontheoutputofthesystem,respectively,andarepositivevalues

(refertoFig.3).

Theconstrainedoptimizationproblem canbesolvedbyapplyingtheLagrange

multipliertechniqueto Eqs.(4)and (5),which isexpressed by thefollowing

Lagrangefunctional:





 



 






 



 
 


 




 


 

 







(6)

Minimizing Eq.(6)with respecttotheprimalvariables,   
,givesthe

followingconditions:


 




 (7)
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
 






     ⋯




     ⋯

LagrangefunctioniscalculatedbyEq.(7)asfollowing:




 






 







 




  






 (8)

subjecttotheconstraints










 






≤≤    ⋯

≤
≤    ⋯

(9)

TheaboveLagrangefunctionalcanbesolvedbydeterminingthevaluesfor

and 
 usingaquadraticprogrammingtechnique.Finally,theregressionfunction

ofEq.(1)isexpressedasfollows:

    
  




     

  



    (10)

where     
 is known as kernelfunction.A lotofcoefficients

  
  havenonzerovaluesandthecorrespondingtrainingdatapointsare

knownassupportvectors(SVs)thathaveanapproximationerrorthatisgreater

thanorequalto.Inthisthesis,weusethefollowingradialbasisfunction:

    exp
   

     (11)
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Thekernelfunctionparameter determinesthesharpnessoftheradialbasiskernel

function.Thebias iscalculatedas[17]

  



  



   (12)

where and areSVsandthesearedatapointsoutsidethe-insensitivityzone.

TheTwomostrelevantdesignparametersfortheSVRmodelareregularization

parameter andtheinsensitivityzone.Anincreaseoftheparameter reduces

largererrors,whichleadstoadecreaseinanapproximationerror.Thiscanbe

achieved by increasing theweightsvectornorm.However,an increasein the

weightvectornorm doesnotmakesureofthegoodgeneralizationperformanceof

theSVR model.An increasein theinsensitivity zone  meansareduction in

requirementsfortheapproximationaccuracyanditalsodecreasesthenumberof

supportvectors,leadingtodatacompression.

B.SelectionoftheTrainingData

An SVR modelcan be welltrained when we use data thatinclude much

information.Inthisthesis,asubtractiveclustering(SC)schemeisadoptedtoselect

thetrainingdataset.TheSC schemeintroducestheconceptoftheinformation

potential.Theinformation potentialofeach datapointindicatestheinformation

quantityanditisexpectedthatadatapointwithhighinformationpotentialhas

muchinformation. Figure4showsdataclustersandtheircenters(indicatedas‘+’

signs)forsimpletwo-dimensionaldata.
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Fig.4.Dataclustersandclustercentersforsimpletwo-dimensionaldata

Theinformation potentialofeach datapointisdefined asafunction ofthe

Euclideandistancestoallotherinputdatapoints[18].

  
  




 ∥   ∥




   ⋯ (13)

whereapositiveconstant isaradiusdefiningaparticularneighborhoodofthe

cluster.Thepotentialofadatapointtobeclustercenterishigherwhenitis

surroundedbyanamountofneighboringdata.Aftercalculatingthepotentialof

eachdatapoint,thedatapointwiththehighestpotentialisconsideredasfirst

clustercenter.Eachtimeaclustercenterisobtained.Ingeneral,afterdetermining

the -thclustercenter  anditspotentialvalue
,thepotentialofeachdata

pointisrecalculatedusingthefollowingequation:

       

 ∥   

∥




   ⋯  (14)

wherea positiveconstant  denotesradiusoftheneighborhood.Also, is
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usuallygreaterthan  inordertolimitthenumberofclustersgenerated.When

thepotentialsofalldatapointsarerecalculatedusingEq.(14),thedatapointwith

thehighestpotentialisselectedasthe 
th
clustercenter.Thecalculationstops

if
 

 istrue,otherwisecalculationcontinues.Ifthecalculationstopsatan

iterativestep ,thismeansthereare clustercenters.Theinput/outputdata

positionedinclustercentersareselectedtotraintheSVRmodel.
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Ⅲ.VerificationoftheProposedAlgorithm

TheproposedSVR modelwasappliedtothefirstfuelcycleoftheYGN-3,a

prototypeplantofOPR1000nuclearplants.TheaxialDNBdistributiondataofthe

hotfuelrodwereobtainedbyrunningMASTER(MultipurposeAnalyzerforStatic

andTransientEffectsofReactor)[12]andCOBRA [13]codes.TheMASTERcode

whichwasdevelopedbyKoreaAtomicEnergyResearchInstitute(KAERI)isa

nuclearanalysisanddesigncode.TheMASTERcodehasavarietyofcapabilities

suchasstaticcoredesign,transientcoreanalysisandoperationsupportandis

interfacedwithCOBRA codeforthermo-hydrauliccalculations.TheCOBRA code

hastheCE-1criticalheatflux(CHF)correlationandtheDNBdistributiondataare

calculatedfrom thisCHFcorrelation.

ThehotrodDNB datafrom MASTER simulationsconsistofatotalof18816

input-outputdatapairs   ⋯  . through  areinputsignals,which

representthereactorpower,coreinlettemperature,coolantpressure,coolantmass

flowrate,ASI,R2,R3,R4andR5controlrodpositions.Here,R2,R3,R4andR5

standforthenamesofthecontrolrodbanks. isDNBR valuesateachaxial

locationofahotnuclearfuelrodandcalculatedfrom ex-coreneutronsensors.The

hotfuelrodisdeterminedfrom 3-dimensionalcorecalculation.Figure5shows

DNBRtrendsaccordingtotheinputvariablessuchasreactorpower,coolantinlet

temperature,coolantpressure,and coolantmassflowratethataffecttheDNBR

value.
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TheASIandthecontrolrodpositionaffecttheaxialpowerdistributionofthe

hotfuelrodthathasacloserelationshipwith DNBR distribution.TheASIis

definedas 

  
where isabottom partpowerofareactorcoreand

isatoppartpower.Whentheinputvalueschangeineachspecificrange,DNBR

valuesofthehotfuelrodareobtained.Therangesoftheinputsignalsthatare

usedfortrainingareshowninTable1.

Table1.Inputsignalranges

Inputsignals Nominalvalues Ranges

Reactorpower(%) 100% 80~103

Inlettemperature(℃) 295.8 290.6~301.7

Pressure(bar) 155.17 131.0~160.0

Massflowrate(kg/m
2
-sec) 3565.0 2994.6~4135.4

R2controlrodpositions(cm) - 0~381

R3controlrodpositions(cm) - 0~381

R4controlrodpositions(cm) - 0~381

R5controlrodpositions(cm) - 0~381

Axialshapeindex - -0.534~0.432

TheDNB dataaredividedintothetrainingandtestdatasetsusingtheSC

scheme.Thetrainingdatasetcompriseahalfoftheacquiredinputandoutput

datapairsandthetestdatasetcomprisesahalfofthetotalDNB data,which

meansthatthenumberofthetestdataarethesameasthatofthetrainingdata.

Thetraining dataaresampledtoincorporatethewholeinputrangesshownin
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Table1.ThecorrelationbetweenASIandDNBRislargestamonganyotherinput

variable.Therefore,twodifferenttypesofSVR modelsareusedforDNBR data

thataredividedintotwoASIcases;onepositiveASI(9408datapoints)caseand

anothernegativeASIcase(9408datapoints)whichtakeson differentaspects,

respectively.A totalof26SVR modelsaredesignedtoestimatetheDNBR for

bothpositiveandnegativeASIsat13axiallocations(  ×).Theparameters

oftheSVR modelsused in thisthesisare   ,   and   .These

parameterscanbeeasilychosenthroughnumericalsimulations.

TheDNBRvalueof13axialpositionsiscalculatedbytheSVRmodelsstarting

from thebottom ofahotrodtothetop.ItisexpectedthatifweusetheDNBR

valuepre-estimatedfortheonesteploweraxiallocationofahotrodasaninput

oftheSVR models,theerrorscan bedecreased.Therefore,thispre-estimated

DNBR valuewouldbeused.Table2showstheRMS errorscalculatedbySVR

modelsat13axialpositions.Itisbeshownfrom thistablethattheproposed

algorithm estimatesDNBR valuesfornegativeASIbetterthanpositiveASI

andthattheerrorsoftheestimatedDNBR valuesbecomerelativelyhighat

thetoplocationsofthehotrodforthepositiveASIvalues.
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Table2.RMSerrorcalculatedbySVRmodelsat13axialpositions

Nonpre-estimated Pre-estimated

Trainingdata Testdata Trainingdata Testdata

Axial

position

Positive

ASI

Negative

ASI

Positive

ASI

Negative

ASI

Positive

ASI

Negative

ASI

Positive

ASI

Negative

ASI

47.63 1.2371 1.1364 1.4894 1.2665 1.2371 1.1363 1.4894 1.2665

95.25 0.8997 1.0017 1.0668 1.0988 0.8919 0.7559 1.0055 0.9969

142.88 0.5866 0.7372 0.6453 0.7900 0.5870 0.6929 0.6171 0.7265

158.75 0.5189 0.5822 0.5197 0.6852 0.3831 0.5022 0.4998 0.6721

174.63 0.4811 0.5545 0.4272 0.6016 0.3480 0.5122 0.4388 0.5992

190.5 0.4831 0.4792 0.4089 0.5388 0.4061 0.4573 0.4616 0.5414

206.38 0.6741 0.4817 0.6310 0.5056 0.5286 0.4332 0.5869 0.5262

222.25 0.8420 0.4506 0.8560 0.4760 0.7164 0.3561 0.7646 0.4771

238.13 1.1263 0.4048 1.1745 0.4534 1.0724 0.3778 1.0004 0.4675

254.00 1.4011 0.3691 1.4903 0.3986 1.3332 0.3487 1.2040 0.4430

269.88 1.6487 0.3470 1.7785 0.3810 1.5590 0.3264 1.4506 0.4195

301.63 2.2471 0.3610 2.5345 0.4215 2.0416 0.3471 2.1016 0.4263

349.25 3.3670 1.0689 3.9665 1.2023 3.2032 0.9782 3.3682 1.0918

Figure6showstherelativeDNBR errordistributionatanaxialmid-position

(190.5cm)ofahotrodofwhichlengthis381cm.Therelativeerrorisdefinedas



  
where isanestimatedvalueand isatargetvalue.
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Figure 7 shows the rootmean square (RMS)errors ofDNBR values and

comparesboth resultsthatuseordonotusethepre-estimatedDNBR values.

Whenthepre-estimatedsignalsareused,theRMSerrorissmallerthanwhenthe

pre-estimatedsignalsarenotused.
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Fig.7.Effectofusingpre-estimatedsignals

Figure8showstheRMSerrorandthemaximum errorateachaxiallocation.

Forthetrainingdataset,theRMSerrorsaveragedfor13axiallocationsofthe

hotrodare1.1006percentforpositiveASIvaluesand0.5572percentfornegative

ASIvalues.Forthetestdataset,theRMSerrorsaveragedat13differentaxial

locationsofthehotrodare1.1530percentforpositiveASIvaluesand0.6657

percentfornegativeASIvalues.Themaximum errorsarenotasimportantasthe

RMSerrorsandaregraphedtoshow thatthemaximum valuecouldbehighata

specificoperatingconditionbutisnotsohigh.
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ThenumericalvaluesshowninTable3indicatetwokinds(RMSandmaximum)

oftheerrorsthataveragetheDNBR errorsfor13axialpositionsofthehotrod

whereindicatesthemaximum orRMSerrorsateachaxiallocation.Asshownin

thistable,ifboththeASIandthepre-estimatedDNBRvaluesareusedasinputs

oftheSVRmodels,theperformanceisbestcomparingtocasestheyarenotused.

Also,itisknownthattheRMSerroroftheSVRforthetestdataisalmostthe

sameasRMSerrorforthetrainingdata.Therefore,iftheSVRmodelsaretrained

firstusingthedataforvariousoperatingconditions,itcanaccuratelypredictthe

DNBRforanyotheroperatingdata.

Table3.DNBRestimationresults

Application

range
Pre-estimated

Errors(Trainingdata) Errors(Testdata)

RMSerror

(%)

Max.error

(%)

RMSerror

(%)

Max.error

(%)

Positive

ASI

No 1.1933 12.2599 1.3068 13.6065

Yes 1.1006 10.7495 1.1530 13.8966

Negative

ASI

No 0.6134 8.5802 0.6784 6.5997

Yes 0.5572 7.1672 0.6657 6.8540

Total
No 0.9034 10.4201 0.9926 10.1031

Yes 0.8289 8.9584 0.9094 10.3753

Asanexampleofthepredictionperformance,figure9showsthetargetDNBR

andtheestimatedDNBR distributionatthehotrodpositionforonespecificcase

(foranoperatingconditioninthetestdata).ItisshownthattheproposedSVR

modelscanestimatewellthereferenceDNBR.
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Inaddition,DNBRdistributiontrendsduetoatransienteventareshownFigure

10.ThetransientwasinducedbytheR5controlbankejectionfrom steadystate

85percentpower(theR5bankpositionwas280cm andallothercontrolbanks

wereejected).AlthoughtheRMS errorlevelisrelativelyhighathigherDNBR

values,itisknownthattheproposedmethodestimatewelltheDNBRdistribution

forthetransientevent.ItisimportanttoestimatewelltheDNBR valuesatthe

lowestDNBRpositionsinsafetyaspectsanditcanbeinferredfrom Figure8that

the proposed algorithm predict DNBR at the lower DNBR positions more

accurately.
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Fig.10.Continued

Table4showsthecomparison oftheproposedSVR methodwith previously

studiedfuzzyneuralnetwork(FNN)[19].NotethatSVR andFNN [19]usedthe

samedataandconditions.Comparingthepredictionperformancefordevelopedtwo

models,itisfrom theTable4knownthattheSVRmethodisslightlysuperiorto

theFNNmethod.
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Table4.Comparisonoftheperformancefortwodevelopedmodels(FNN,SVR)

Model Pre-estimated

Errors(Trainingdata) Errors(Testdata)

RMSError

(%)

Max.Error

(%)

RMSError

(%)

Max.Error

(%)

FNN
No 1.1315 15.4977 1.0894 18.0101

Yes 1.0603 15.3731 1.0397 19.8579

SVR
No 0.9034 10.4201 0.9926 10.1031

Yes 0.8289 8.9584 0.9094 10.3753
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Ⅳ.Conclusions

In this thesis,SVR models have been developed to estimate the DNBR

distributionatrespectiveaxiallocationsofthehotnuclearfuelrodinareactor

core.TwodifferenttypesofSVRmodelsareusedforDNBRdatathataredivided

intopositiveandnegativeASIs,whichtakesondifferentaspects.TheSVRmodels

havebeentrainedbyusingtrainingdatasetandverifiedbyusingthetestdata

setindependentfrom thetraining data.Thedeveloped SVR modelshavebeen

appliedtothefirstfuelcycleoftheYonggwangunit3PWRplant.Thesimulation

resultsshow thatusingthepre-estimatedDNBRdataslightlyreducetheprediction

errorscomparedtowhenthepre-estimatedDNBRdataarenotused. Theerrors

ofthetrainingandtestdatasetsarealmostthesame,whichmeansthatonce

SVRmodelsaretrained,theSVRmodelscanbeappliedtoestimatetheDNBRin

a reactorcoreforany otheroperating data.In addition,theproposed method

estimatedwelltheDNBRdistributionforthetransientevent.From thisapplication,

itwasknownthatthisalgorithm canpredicttheDNBR distribution accurately

eachtimestepandprovidereliableprotectionandmonitoringinformationforthe

nuclearpowerplantoperation.
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있을 것이라는 확신이 섭니다.특히 교수님이 계셨기에 가능했던 수많은 경험들,사소

한 것 하나까지도 신경써주신 배려는 정말 잊지 못할 것입니다.이점 고개 숙여 감사

드립니다.학부생부터 지금까지 잊지 못할 명 강의를 해주시고,바쁘신 와중에도 많은

관심을 가져주신 김숭평 교수님,송종순 교수님,정운관 교수님,이경진 교수님,김진원

교수님,신원기 교수님,이기복 교수님,이심교 교수님 진심으로 감사드립니다.

NICL에 처음 발을 들여놓게 해준 나의 몸체 성한이형,나를 당구세계로 이끈 인호

형,상담을 담당해준 동혁이형,음주문화 전파자 헌영이형 모두 졸업하셨지만 아직까지

도 생생합니다.명절이나 스승의 날에만 볼 수 있는 우리 Lab의 선구자 영록이형,선

호형,동원이형,인준이형,짧은 만남이지만 많은 조언을 얻었습니다.영규,심원,재환,

순호,주현 형제와도 같았던 myLabfamily.정말 고맙다.특히 재환,순호,주현이 이

제 Lab은 니들 하기 나름이다.지금보다 Lab을 훨씬 훌륭하게 이끌어 나갈 수 있을

것이라 믿는다.

각자 실험실에서 대학원 생활을 같이 해오며 도와주신 유선이형,정민이형,용진이

형,강일이형에게 고마움을 전합니다.믿고 의지할 수 있었던 동기 민수,상헌,형의 부
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탁은 모두 들어 준 멋진 후배 현석,민영,현민,영국아 모두 고맙다.이외에도 많은 고

마운 선,후배 동기들이 있지만 이름을 언급하지 않았다고 해서 고마움이 덜한 것은

아닙니다.내 삶의 원동력인 내 주변의 모든 분들 정말 감사합니다.

마지막으로 지금까지 변함없이 저를 믿어준 할머니,아버님,어머님,하나뿐인 형 정말

사랑합니다.
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