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Abstract

AnInferentialSensorforFeedwaterFlowrateinPWRs

UsingSupportVectorRegression

양 헌

지도 교수 :나 만 균

조선 학교 일반 학원 원자력공학과

부분의 가압경수로 원 들이 수유량을 측정하기 하여 사용하는 Venturi유량계

는 시간이 지남에 따라 내부에 Scale이 생성되어 내부의 마찰력 증가에 의한 차압증

가로 인해 실제 수유량보다 수유량이 과다 측정되는 Fouling 상으로 인하여 정확

한 유량 측정에 어려움이 있다.그러나 Venturi유량계의 기본 인 특성상 Fouling 상

은 피할 수 없는 사항이며,기존 발 소의 설비 변경 없이 수유량 측정 문제를 해결할

수 있는 유일한 방안은 추론 센서를 개발하는 것이다.

따라서,본 논문에서는 수유량을 측하기 하여 supportvectorregression방법을

이용한 추론 센서 모델을 개발하 다.추론 센서 모델은 훈련 데이터 세트와 검증

데이터 세트를 이용하여 개발되었으며,독립 인 테스트 데이터 세트를 사용하여 성능을

확인하 다.데이터 세트는 원자력 발 소 3호기의 실제 운 데이터를 이용하 으

며,개발된 추론 센서 모델의 훈련을 한 데이터는 subtractiveclustering(SC)방법

에 의해 자동 으로 선택하 다. 한,개발된 추론 센서 모델의 불확실도 분석은 100

개의 훈련 데이터 세트,검증 데이터 세트,그리고 하나의 고정된 테스트 데이터 세트를

이용하여 수행하 다.개발된 모델에 의해 계산된 RMS에러와 maximum 에러는 매우

작았으며,불확실도 분석의 결과,95% 신뢰도를 갖도록 유도되어진 식과 잘 일치하는 것

을 확인할 수 있었다.
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Ⅰ.Introduction

Since we evaluate thermalnuclear reactor power with secondary system

calorimetriccalculationsbasedonfeedwaterflow ratemeasurements,weneedto

measurethefeedwaterflow rateaccurately.TheVenturiflow metersthatarebeing

usedtomeasurethefeedwaterflow rateinmostpressurizedwaterreactors(PWRs)

measuretheflow ratebydevelopingadifferentialpressureacrossaphysicalflow

restriction.Thedifferentialpressureisthenmultipliedbyacalibrationfactorthat

dependsonvariousflowconditionsinordertocalculatethefeedwaterflow rate.The

calibrationfactorisdeterminedbythefeedwatertemperatureandpressure.However,

Venturimeterscauseabuildupofcorrosionproductsneartheorificeofthemeter.

Thisfoulingincreasesthemeasuredpressuredropacrossthemeter,therebycausing

anoverestimationofthefeedwaterflow rate.

Therefore,thethermalreactorpowermustbedecreased to match thefalse

feedwaterflow rateoverestimatedduetothefoulingphenomenaoftheVenturi

meters.This requirementresults in nuclearpowerplants being operated ata

lower-than-plannedpowerlevel.ThePWRderatingduetothefoulingphenomena

rangesfrom 0.5% to3%.Themostcommonpracticeforresolvingthisproblem at

PWRsistoinspectandcleantheVenturimetersduringeveryrefuelingperiod.

However,sincefoulingcanreappearasquicklyasinamonth,theaccuracyofthe

existinghardwaresensorsbecomesdegradedwithtimeduetothefoulingphenomena

oftheVenturimeters.

Theoriginalthermalpowermarginneededtoevaluateanemergencycorecooling

system (ECCS)was2%,regardlessofthedemonstratedinstrumentaccuracy.A

revision to10CFR50Appendix K fortheECCS evaluation modelwasrecently

modifiedtoallowamarginequaltotheactualinstrumentaccuracy.Thus,thethermal

powerofanuclearpowerplantcanbeincreasedby1% orbymorethanitslicensed

powerthroughtheuseofadvancedandmoreaccurateinstruments[1].Therecent

revisionto10CFR50AppendixK encouragestheuseofadvancedfeedwaterflow
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instrumentsinrealnuclearpowerplants.

Recently,manyresearchershavepaidconsiderableattentiontoinferentialsensing

ofthefeedwaterflowrate,whichusesotherreadilyavailableon-linemeasurements

[2-6].Thistypeofinferentialsensorscaneitherreplaceexistinghardwaresensorsor

beusedinparalleltoprovideredundancyandtoverifywhetherthesensorsare

driftingornot[5-11].Theproblem canberesolvedbyusinglearningandsoft

computingtechniquesiftheprocessdynamicsforevaluatingtheprocessvariablesis

aprioriunknownordifficulttomodel.On-linemonitoringtechniquesusingartificial

intelligenceareexplainedandreviewedbyGarvey[12]andHeo[13]withrespectto

theirapplicationstothenuclearengineeringfield.

Previousresearchdidnotanalyzetheuncertaintyoftheinferentialsensingmethod

indetail.Thisthesispartlydealswitharegressionmodelusingsupportvector

regression(SVR)[6]toestimateonlinethefeedwaterflowrate,whichislargelythe

subjectofpriorresearch.Furthermore,thisthesisbuildsonthispriorresearch[6]to

analyzetheuncertaintyoffeedwaterflowrateestimates.Thisthesiscancontributeto

increasingthethermalefficiencyofanuclearpowerplantbymakingaccurateon-line

predictionsofthefeedwaterflow rate.
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Ⅱ.CurrentFeedwaterFlow Measurements

Recently,arevisionto10CFR50AppendixKforEmergencyCoreCoolingSystem

(ECCS)evaluationmodelwillpermitthethermalpowerofanuclearpowerplantto

beincreasedby1% ormorethanitslicensedpowerthroughtheuseofadvancedand

moreaccurateinstrumentation [1].Theoriginalmargin required forinstrument

accuracywas2%,regardlessofdemonstratedinstrumentaccuracy.Nowthelawhas

beenmodifiedtopermitamarginthatisequaltotheactualinstrumentaccuracy.For

example,ifaninstrumentcanbeshowntomeasurethermalpowertowithin0.6%

uncertainty,thenthemargincanbereducedfrom 2% to0.6% andthepowercanbe

increasedaccordinglyby1.4%.Naturally,thismotivatesutilitiestoimprovetheir

thermalpowerinstrumentaccuracy.A prudentconcernforplantsafety,however,

spotlightsthemethodsandassumptionsusedtodeterminethataccuracy.

Twotypesofflow metersthatemploydifferentprinciplesandtechnologiesare

brieflyreviewedinthissection;flownozzle-basedmetersandultrasonicflowmeters.

Venturiflow meterswhichareflow nozzle-basedmetersareusedtomeasurethe

feedwaterflowrateinmostPWRs.Theflownozzle-basedmeterdeterminesflowrate

by developing a differentialpressure across a physicalflow restriction.This

differentialpressure,togetherwiththetemperatureandpressureofthefeedwaterthat

aremeasuredby resistancethermometersandpressuretransmitters,isusedto

calculatefeedwatermassflowrate.Acalibrationfactorthatdependsonvariousflow

conditionsismultipliedbythedifferentialpressureinordertoobtainfeedwatermass

flowrate.TheVenturimeterisshownschematicallyinFig.1.Thisnozzle-based

meterexperiencesthefoulingproblem mentionedabove.Also,therecentrevisionto

10CFR50 Appendix K encourages the application ofadvanced feedwaterflow

instrumentstorealnuclearpowerplants.Currently,ultrasonicflow metersare

consideredtobeacompetitivealternativetoVenturimetersbecausetheydonot

sufferfrom thefoulingproblem.
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Flow

Fouling region

Pressure tubes
(Delta P)

Fig.1.Venturimeter

Therearetwotypesofultrasonicflow metersthathavebeendevelopedrecently

andNRChasapprovedforfeedwaterflowratemeasurement;transittimeultrasonic

metersandcross-correlationultrasonicmeters.

Thetransittimeultrasonicmeterfirespulsesacrosstheflow stream inupstream

anddownstream directions,calculatesthedifferenceinpulsevelocityforupstream

anddownstream travel,andintegratestheresultoverthecrosssectiontodetermine

flowrate.Atransittimeultrasonicflowmetermeasuresthetimerequiredforapulse

ofultrasonicenergytotransitbetweentwoupstream anddownstream transducers

immersedinafluidandthendividesthepathdistancebythattimetocalculatethe

velocityofthepulse.Thetransducersareplacedtodefineadiametricdiagonal

acousticpaththroughthefluidinthepipe.Thepulsevelocityisthealgebraicsumof

theultrasoundpropagationvelocityofthefluidatrestandthevelocityofthefluid

medium itself.Hencethetransittimeofapulsetravelingfrom onetransducerto

anotherinthedirectionofflow isshortened,whilethetransittimeofapulse

travelingagainstthedirectionofflow isincreased.Thefluidvelocityandthesound

velocityinthefluidatrestcanbedeterminedsimplybymeasuringthetransittimes

ofthetwopulsesinthefluidandthedistancebetweenthetwotransducers.

Cross-correlation ultrasonic flow meters typically consist offour ultrasonic

transducersmountedon ametalsupportframethatattaches,externally,tothe

feedwaterpiping.Thereareoneupstream andonedownstream transducerstations,
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each station consisting ofonetransmitting and onereceiving transducers.The

cross-correlationflow meterfiresultrasonicpulsesacrossthepipeperpendicularto

theflow directionattwodifferentstationsalongthepipe.Itlooksforsimilaritiesin

the received signalatboth stations.Received signals from both beams are

demodulated,removingthehighfrequencycarriersignalandleavingtwowaveforms

thatareuniquesignaturesofeddiespassingthroughthebeams.Thecross-correlation

processcalculatesthedifferenceinthetimethatittookfortheeddiestopass

between the two beams by mathematically shifting the downstream signature

backwardsintimetoobtainamaximum correlationbetweenthetwodemodulated

signals.Thendividingtheaxiallengthbetweenstationsbythetimedelaygivesthe

feedwaterflow velocity.

Theseadvancedfeedwaterflowmetersneedfurtherdevelopmenttoimprovetheir

accuracyandreliabilityandaredifficulttobeinstalledtoexistingnuclearpower

plants.
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Ⅲ.AnInferentialSensorforFeedwater

FlowrateinPWRs

Aninferentialsensingalgorithmisdevelopedtoestimatethefeedwaterflowrateby

usingasupportvectorregressionmodel.Inferentialsensingtechniquesgenerally

requirelearning and softcomputing-based approaches becausethey can model

complicatedprocessesthataredifficulttobedescribedbyanalyticalandmechanistic

methods.Theseapproaches,knownasdata-basedmethods,dependonexperimental

data.Inthisthesis,topredictthefeedwaterflowrate,aninferentialsensingmodelis

developedbasedonanSVRmodel.

A.SupportVectorRegression(SVR)

Inthisthesis,anSVR modelisusedforinferentialsensingofthefeedwater

flowratemeasurementinPWRs.ThebasicconceptofanSVR modelistomap

nonlinearlytheoriginaldata x intoahigherdimensionalfeaturespace.Hence,given

asetofdata     
 ∈ ×,where istheinputvectorofanSVRmodel,

 istheactualoutputvalue,and  isthetotalnumberofdatapointsusedto

developtheSVRmodel,theSVRisbasedonthefollowingregressionfunction[14]:

  
  



 
 , (1)

where

   ⋯  
,

   ⋯  
.

Thefunction  iscalledthefeature,andtheparameters and arethesupport

vectorweightandthebias.Aftertheinputvectors aremappedintovectors  of
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ahighdimensionalkernel-inducedfeaturespace,thenonlinearregressionmodelis

turnedintoalinearregressionmodelinthefeaturespace.Theseparameterscanbe

calculatedbyminimizingthefollowingregularizedriskfunction:

 

 

  



 , (2)

where

        ≺ 
     

(3)

Thefirstterm ofEq.(2)isaweightvectornormwhichcharacterizesthecomplexity

oftheSVRmodelsandthesecondtermisanestimationerror.Theparameters and

 areuser-definedparameters,and  iscalledthe-insensitivelossfunction

[15].Thelossequalszeroifthepredictedvalue iswithinanerrorlevel,and

forallotherpredictedpointsoutsidetheerrorlevel,thelossisequaltothe

magnitudeofthedifferencebetweenthepredictedvalueandtheerrorlevel (referto

Fig.2).

ee-

( )ky f- x

( )ky f- x

Fig.2.Linear-insensitivelossfunction

Increasingtheinsensitivityzonemeansareductionintherequirementsforthe

accuracyoftheestimationandadecreaseinthenumberofsupportvectors(SVs),

leadingtodatacompression.Inaddition,asunderstoodfrom Fig.3,increasingthe
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insensitivityzonehassmoothingeffectsonthemodelingofhighlynoisypolluteddata.

Theregularizationparameter ofEq.(2)isusedtoensuregoodgeneralizationof

theSVRmodel.Anincreaseintheregularizationparameterpenalizeslargererrors,

whichleadstoadecreaseintheestimationerror.Thedecreaseintheestimationerror

canalsobeachievedeasilybyincreasingtheweightvectornorm ofthefirstterm of

Eq.(2).However,anincreaseintheweightvectornorm doesnotensuregood

generalizationoftheSVRmodel.Thisgeneralizationpropertyisofparticularinterest

todata-basedmodeldevelopmentbecauseagoodmodelisnotamodelthatperforms

wellononlytrainingdatabutamodelthatperformswellevenonotherdatathatis

nottrainingdata.

Fig.3.ParametersfortheSVRmodels[6]

TheregularizedriskfunctionofEq.(2)isconvertedintothefollowingconstrained

riskfunction:

   
 


 

  



 
  (4)

subjecttotheconstraints
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 ≤      ⋯

   ≤  
   ⋯

  
 ≥    ⋯

(5)

wheretheparameters     ⋯  
 and   

 
 ⋯ 

  aretheslack

variablesthatrepresenttheupperandlowerconstraintsontheoutputsofthesystem,

andarepositivevalues(refertoFig.3).

Theconstrainedoptimizationproblem ofEq.(4)canbesolvedbyapplyingthe

LagrangemultipliertechniquetoEqs.(4)and(5),andusingastandardquadratic

programmingtechnique[16].Finally,theregressionfunctionofEq.(1)isderivedas

  
  



 
     

  



  , (6)

where  
   isknownasthekernelfunctionandthecoefficient is

expressedastheLagrangemultipliers and
.Inthisthesis,theSVRmodeluses

thefollowingradialbasiskernelfunction:

  
  

   . (7)

A lotofthecoefficients arenonzerovalues,andthetrainingdatapoints

correspondingtothenonzerovalues,whichareknownasSVs,haveanestimation

errorgreaterthanorequaltotheinsensitivityzone.

B.OptimizationofanSVRModel

TheSVRmodelisdesignedbylearningfromgivendataandshouldbeoptimizedto

maximizethepredictionperformance.TheperformanceoftheSVR modeldepends

heavilyonthethreetypesofdesignparameterssuchastheinsensitivityzone,the

regularizationparameter,andthekernelfunctionparameters.Therefore,inthis

papertheseparametersareoptimizedbyageneticalgorithm.Iftheseparametersare

notoptimized,theSVRmodelcanbeinferiorinperformance.
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Geneticalgorithmsarelesssusceptibleto being stuck atlocalminima than

conventionalsearch methods since genetic algorithms startfrom many points

simultaneouslyclimbingmanypeaksinparallel[17-18].Also,thegeneticalgorithmis

themostusefulmethodtosolveoptimizationproblemswithmultipleobjectives.The

geneticalgorithm isusedtooptimizetheinsensitivityzone ,theregularization

parameter,andthesharpness oftheradialbasiskernelfunctiontobeusedin

thisthesis,andadditionalparameters( and)ofthesubtractiveclustering(tobe

explainedinnextsection)forsamplingthetrainingdatafrom allacquireddata.

Sincethegeneticalgorithm optimizesthefiveparametersdescribedabove,each

chromosomehasthefiveparametersencodedasabitstring.Inthisthesis,the

specifiedmultipleobjectivesaretominimizetherootmeansquarederrorandthe

maximum error.Therefore,thefollowingmultipleobjectivesaresuggested:

       , (8)

where,, and aretheweightingcoefficients,and,, and are

definedasfollows:

 




 
  

 



, (9)

 




 
  

 



, (10)

  , (11)

 . (12)

Thevariables and denotethemeasuredoutputandtheoutputestimatedby

theSVRmodel,respectively.Thesubscripts, and,indicatethetrainingdataand

theoptimizationdata,respectively,and  and  representthenumbersofthe

trainingdataandtheoptimizationdata.

Theexperimentaldataaredividedintothreetypesofdatasetssuchasthetraining

data,theoptimizationdata,andthetestdata.Thetrainingdataisusedtosolvethe

coefficients 
 andthebias  inEq.(5).Theoptimizationdataisusedto

optimizethedesign parametersofSVR modelsby ageneticalgorithm and to
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determineadditionalparameters(clusterradii, and )forsamplingthetraining

data.ThetestdataisusedtoverifythedevelopedSVRmodel.Figure4showsthe

automaticoptimizationproceduresoftheSVRmodel.

No

Yes
Stop

Start

Quadratic optimization for the weight
vectors and bias of SVR models

Terminate the optimization?

Generate initial chromosomes

Evaluate chromosomes

Genetic operation for the design
parameters optimization of SVR models

SVR model identification

Fig4.AutomaticoptimizationproceduresoftheSVRmodel

C.TrainingDataSelection

TheSVRmodelcanbewelltrainedbyusinginformativedata.Sincethenuclear

steam generatorsystem isverycomplexandtheacquireddatashouldcoverthe
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entirerangeofoperatingconditions,itisexpectedthatinputandoutputtrainingdata

havealotofclustersandthedataattheseclustercentersismoreinformativethan

neighboringdata.Figure5showsdataclustersandtheircenters(indicatedas‘+’

signs)forsimpletwo-dimensionaldata.Inthisthesis,theclustercentersarefound

outbyasubtractiveclustering(SC)schemeandareusedasthetrainingdataset.

Fig.5.Dataclustersandtheircentersforsimpletwo-dimensionaldata

The SC scheme assumes the availability of  input/output training data

 ,   … ,andalso,itisassumedthatthedatapointshavebeen

normalizedineachdimension.Theschemestartsbygeneratinganumberofclusters

inthe× dimensionalinputspace.TheSCschemeconsiderseachdatapointasa

potentialclustercenterandusesameasureofthepotentialofeachdatapoint,which

isdefinedasafunctionoftheEuclideandistancestoallotherinputdatapoints[19]:

  
  




 ∥   ∥




,    …  (13)

where isaradius,defininganeighborhood,whichhasconsiderableinfluenceon

thepotential.Obviously,thepotentialofadatapointishighwhenitissurroundedby

manyneighboringdata.Afterthepotentialofeverydatapointhasbeencomputed,the

datapointwiththehighestpotentialisselectedasthefirstclustercenter.
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Afterthefirstclustercenter  anditspotentialvalue  aresolved,the

potentialofeachdatapointisrevisedbythefollowingformula:

     


 ∥   ∥




,    …  (14)

where isanotherradius.Althoughtheparameter isusuallygreaterthan in

ordertolimitthenumberofgeneratedclusters,itcanbesmallerthan toallowthe

enoughnumberofclustersforsufficienttrainingdata.Anamountofpotentialis

subtractedfrom eachdatapointasafunctionofitsdistancefrom thefirstcluster

center.Thedatapointsnearthefirstclustercenterwillhavegreatly reduced

potential,andthereforeareunlikelytobeselectedasthenextclustercenter.When

thepotentialsofalldatapointshavebeenrevisedaccordingtoEq.(14),thedatapoint

withthehighestremainingpotentialisselectedasthesecondclustercenter.

Ingeneral,afterthe-thclustercenterhasbeenobtained,thepotentialofeachdata

pointisrevisedbythefollowingequation:

     


 ∥  ∥




,    … , (15)

where  isthelocationofthe-thclustercenterand  isitspotentialvalue.

Iftheinequality ≺   istrue,thesecalculationsstop,elsethesecalculations

arerepeated.

Theinput/outputdatapositionedintheclustercenterswillbeselectedinorderto

traintheSVRmodel.

D.MonitoringofFeedwaterFlowrateSensors

Insensormonitoring,ateverynew sampleofasignal,anew meanandanew

varianceofthesignalsmayberequiredtocheckthehealthofthesensor.However,

thisprocedurerequirestoomanysamplestofindoutitsmeaningfulmeanand

variance.A significantdegradationofthemonitoredprocessmayoccurwhilethe

samplesareacquired.SequentialProbabilityRatioTest(SPRT)candetectasensor
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faultbasedonthedegreeoffailureandthecontinuousbehaviorofthesensor,

withouthavingtocalculateanew meanandanew varianceateachsample.The

SPRTtobeusedinthisthesisisastatisticalmodeldevelopedbyWald[20].

Theobjectiveofsensormonitoringistodetectthefailureassoonaspossiblewith

averysmallprobabilityofmakingawrongdecision.Intheapplicationofsensor

diagnostics,theSPRTusestheresidualsignalthatmeansthedifferencebetweenthe

measuredvalueandtheestimatedvalue,.Normallytheresidualsignalis

randomlydistributed,soitisnearlyuncorrelatedandhasaGaussiandistribution

function  ,where istheresidualsignalattimeinstant,and and

arethemeanandthestandarddeviationunderhypothesis,respectively.

Figure6showstheGaussiandistributionsoftheresidualsignals. istheresidual

signaldistributionofanormalsensor, isthatofabias-degradedsensor,and

isthatofanoise-degradedsensor.Thesensordegradationorfailurecanbestatedin

termsofachangeinthemean orachangeinthevariance.Therefore,the

SPRTdetectssensorhealthbysensingthealterationoftheprobabilitydistribution.If

asetofsamples,,   ⋯ ,iscollectedwithadensityfunction describing

eachsampleintheset,anoveralllikelihoodratioisgivenby

  ․ ․⋯ 

 ․ ․⋯ 
, (16)

where representsahypothesisthatthesensorisnormaland representsa

hypothesisthatthesensorisdegraded.Also, istheprobabilitydistributionofthe

residualsignalforanormalsensor, isthatforabias-degradedsensorora

noise-degradedsensor.
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Fig.6.Probabilitydensityfunctionsofresidualsignals

Bytakingthelogarithm oftheaboveequationandreplacingtheprobabilitydensity

functionsintermsofresiduals,meansandvariances,theloglikelihoodratiocanbe

writtenasthefollowingrecurrentform:

      
 

 






 


. (17)

Foranormalsensor,theloglikelihoodratiowoulddecreaseandeventuallyreacha

specifiedbound,asmallervaluethanzero(refertoFig.7)[21].Whentheratio

reachesthisbound,thedecisionismadethatthesensorisnormal,andthentheratio

isreinitializedbysettingitequaltozero.Foradegradedsensor,theratiowould

increaseandeventuallyreachaspecifiedbound,alargervaluethanzero.Whenthe

ratioisequalto,thedecisionismadethatthesensorisdegraded.Thedecision

boundaries and arechosenbyafalsealarm probability andamissedalarm

probability [20]:

  
 , (18)
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 . (19)

 

0  

D e g r a d e d  

N o r m a l 
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1H

A

Fig.7.Trajectoriesofaloglikelihoodratio

Twotypesofsensordegradations,biasandnoisedegradationscanbecheckedby

usingEq.(17).Equation(17)canbeconvertedbysubstituting
  

 and   for

thebiasdegradationandbysubstituting     forthenoisedegradation.
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Ⅳ.UncertaintyAnalysis

DevelopmentoftheSVRmodelrequiresanuncertaintyanalysistodeterminehow

accuratetheirpredictionsare.Throughanuncertaintyanalysis,apredictioninterval

canbecalculatedsuchthattheexactvalueexistsinthepredictionintervalata

specifiedconfidencelevel.

Data-basedmodelhasseveralpossiblesourcesofuncertaintyinpredictedvalues;

selectionoftrainingdata,modelstructureincludingcomplexity,andnoiseintheinput

andoutputvariables[22].Sinceadata-basedmodelisdevelopedusingagiven

trainingdataset,eachpossibletrainingdatasetselectedfromtheentirepopulationof

datawillgenerateadifferentmodelandtherewillbeadistributionofpredictionsfor

agivenobservation.Also,modelmisspecificationtakesplacewhenamodelstructure

isnotcorrect,therebyintroducingabias.Inthisthesis,statisticalandanalytical

uncertaintyanalysismethodswillbeused.

A.StatisticalMethod

Thestatisticaluncertaintyanalysisworksbygeneratingmanybootstrapsamplesof

thetraining datasetand retraining thedata-based modelparameterson each

bootstrapsample.Afterrepetitivesamplingandtraining,theresultingpredictions

provideadistributionfortheoutputvalue.Thisdistributioncanbeusedtocalculate

predictionintervals.Inthisthesis,thebootstrappairssamplingalgorithm whichis

oneofstatisticalmethodsisused.Theavailabledataisdividedintodevelopmentdata

andtestdata.Thedevelopmentdataconsistsofalargepoolofdatafrom which

trainingandverificationsamplescanbedrawn.Thetestdataisfixed.Uncertaintyis

separatedintotwotypes:varianceandbias.Thecalculationstepsofthebootstrap

pairssamplingalgorithm areasfollows[23]:

1)Generate samples(  ,thenumberofbootstrapsamples,inthisthesis)
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from thedevelopmentdata,eachoneofsize drawnwithreplacementfrom

the  training data points           ⋯    .Denote thej-th

sample by
  

   
  

   ⋯ 
  

 .

2)Foreachbootstrapsample,adata-basedmodelsuchasanSVR modelis

obtained.

3)Estimatethevarianceandthebiasofaprediction  atanobservationdata

point by


 

  



  

where

 
 
  




 (20)

    





  




 

 



where isthenumberofdevelopmentdatapoints.

(21)

Sincebiasestimatesbasedonthetrainingdatacanbemuchlowerthanbias

estimatesbasedonanindependentsetofdata,especiallyincaseofanoverfitmodel,

weshouldcomputebiasestimatesbasedonthedevelopmentdatapoolratherthanthe

trainingdata.Thepoolofdevelopmentdatarepresentsallavailabledata,excludinga

fixedtestdataset.Theestimatewitha95% confidenceintervalforanarbitrarytest

input is

±    ±. (22)

B.AnalyticalMethod

ThefollowingregressionmodelofEq.(6)canbeestablishedfrom the training

datapoints          ⋯    :

    , (23)

where

   ⋯  .

Here, isthenumberofparameterstobeoptimized.Foraregressionmodelofan
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observation,whichisnotpartofthetrainingdata,theoutputpredictionisgiven

by

    . (24)

TheoutputpredictioncanbeapproximatedusingtheTaylorseriesexpansionofthe

outputpredictiontothefirstorderasfollows:

≈   
․   , (25)

where

 
 

 


 
⋯

  . (26)

ThenbyusingEq.(23)substitutedwith andEq.(25),thepredictionerrorcanbe

calculatedas

     
․   . (27)

Thevarianceofthepredictionerroriswrittenas

     ․    , (28)

where

e s
and

é ù
.

IntheSVRmodel,sincetheparameter isnotsolvedexplicitlyandiscalculated

implicitlywithastandardquadraticprogrammingtechniqueinordertominimizethe

constrainedriskfunctionofEq.(4),thevariance-covariancematrix  cannotbe

calculated.However,theoptimizedparametersareexpectednottobelargelydifferent

fromtheparametersdeterminedfromtheminimizationofsquarederrors.Therefore,if

theparameterisassumedtobeestimatedexplicitlywiththewell-knownsquared

errorminimizationtechnique,thevariance-covariancematrixcanbeestimatedas

follows[23]:

 
 
, (29)

where


 

  



 

,
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.

Thematrix  iscalledtheJacobianmatrixoffirstorderpartialderivativeswith

respecttotheparametersdeterminedfrom theleastsquares.FortheSVRmodel,the

parametervector consistsoftheparameters and ofEq.(6).

Thevarianceofthepredictedoutputcanbeestimatedasfollows[23]:

 ≈   
  ≈ 

   


 
 . (30)

Theestimatewitha95% confidenceintervalis

± 



 
   ±. (31)
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Ⅴ.ApplicationtoFeedwaterFlow Measurement

Theproposedinferentialsensingalgoritmwasverifiedbyapplyingtotherealplant

startupdataofYonggwangNuclearPowerPlantUnit3(YGN3).Sixteenmeasured

signalswereacquiredfrom theprimaryandsecondarysystemsofthenuclearpower

plant,focused on thesteam generator(SG):SG feedwaterflowrate,SG steam

flowrate,SGpressure,SGtemperature,SGwide-rangelevel,SGnarrow-rangelevel,

hot-leg temperature, cold-leg temperature, pressurizer pressure, pressurizer

temperature,pressurizerwaterlevel,feedwatertemperature,reactorpower(ex-core

neutrondetectorsignal),feedwaterpumpsuctionpressure,feedwaterpumpdischarge

pressure,andsteam headerpressure.TheacquiredSG feedwaterflowrateisthe

targetoutputsignalofthedata-basedmodelandallothersignalsarepotential

availableinputsfortheSVRmodel.

Thedegreeoftherelationshipbetweeninputsignalsandthefeedwaterflowrate

(outputsignal)canbedeterminedfromacorrelationmatrixofallacquiredsignals[6].

Thecurrentandpastdelayedvaluesofsomeinputsignalswithastrongrelationship

withtheoutputcanbecomeinputstotheinferentialsensingmodel.Theseinput

signalsaresteam flowrate,SG wide-rangelevel,hot-leg temperature,feedwater

temperature,andreactorpower.Forotherinputsignals,onlycurrentvaluesareused

asinputtotheinferentialsensing model.Table1showsthecorrelationvalues

betweenthefeedwaterflowrateandtheothermeasuredsignals.

The acquired realplantdata was divided into two types ofdata atfirst;

developmentdataandtestdata.Thetestdatawasselectedeveryfixeddatainterval

(10fixeddataintervals).Therefore,thetestdatasetcomprises201datapointsamong

the2001acquireddatapoints.Also,thetrainingdatawasselectedusingtheSC

schemeamongthepoolofdevelopmentdataafterthetestdatawasremovedfromall

acquireddata.Thetrainingdatasetcomprises1000datapoints.Theverificationdata

consistsofalltheremaining dataafterremovalofthetestdata.Actually the

verificationdataisthedevelopmentdata.
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Table1.Correlationvaluesbetweenthefeedwaterflowrateandtheothermeasured
signals

Measuredsignals Correlationvalues

SGsteam flowrate -0.8066

SGpressure -0.6907

SGtemperature -0.8342

SGwide-rangelevel 0.5882

SGnarrow-rangelevel 0.7483

hot-legtemperature 0.9018

cold-legtemperature -0.2397

pressurizerpressure -0.0707

pressurizertemperature -0.7742

pressurizerwaterlevel 0.5517

feedwatertemperature 0.9180

reactorpower 0.9279

feedwaterpumpsuction
pressure

-0.8711

feedwaterpumpdischarge
pressure

-0.3224

steam headerpressure -0.7712

Table2summarizestheperformanceresultoftheinferentialsensingmodelfor

feedwaterflowrateusingtheSVR model.Inthesefigures,itisshownthatthe

relativerootmeansquared(RMS)errorscomparedwiththeratedvalue(801.34

kg/sec)are0.2105%,0.1896%,and0.2085% forthetrainingdata,theverificationdata,

andthetestdata,respectively.TheseRMSerrorsaresosmallthattheestimated

feedwaterflowratecanbeusedtomonitorthemeasuredflowrate.TheRMSerrors

forthetestdataarealmostthesameasthosefortheverificationdata.Therefore,if

theinferentialsensingmodelisoptimallyidentifiedatfirstbyusingthetrainingdata

andtheverificationdata,theinferentialsensingmodelcanbeusedtoestimatethe

feedwaterflowrate.
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Table2.PerformanceresultsoftheSVRmodel

Datatype
RMSerror
(%)

Relativemaximum
error(%)

Numberof
datapoints

Trainingdata 0.2105 1.4278 1000

Verificationdata 0.1896 1.4278 1800

Testdata 0.2085 1.2497 201

Fig.8showssimulation resultsin casethefeedwaterflowratestartstobe

artificiallydegradedafter20hrfromthebeginning.Thefeedwaterflowrate,estimated

bytheSVRmodel,isalmostthesameastheactualfeedwaterflowratealthoughthe

measuredfeedwaterflowrateisdegraded.TheSPRTcombinedwiththeSVRmodel

detectsthegradualdegradationattime51.6hrafterthebeginningofthegradual

degradation.Thegradualdegradationisdetectedearlybytheproposedinferential

sensingandmonitoringalgorithm sinceitsestimationerrorisverysmall.
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Fig.8.Monitoringofthefeedwaterflow rateincasesofartificialdegradation
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Itcouldbethoughtthatthetesttimeperiodof100hrisshortconsideringthe

overalloperatingfuelcycleandthebuilduptimeofcorrosionproducts.However,the

feedwaterflowrate was considered to be artificially degraded quickly and the

assumptionofthisquickdegradationdoesnotinfluenceustoprovetheperformance

oftheproposedinferentialsensingmodel.Thisisakindofanaccelerationtest.

Therefore,itispossibletomonitortheovermeasurementofthefeedwaterflowrateby

usingtheproposedinferentialsensingandmonitoringduringawholeoperatingfuel

cycle.
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Fig.9.PredictionintervalsoftheSVRmodel

Figs.9showstheestimationerrorsandtheirpredictionintervalsbytheSVR

model.ToconductanuncertaintyanalysisoftheSVR modelbythestatistical

bootstrapmethod,100samplesetsfortraining and verification areselectedby

randomlyadjustingtheradiusoftheSCscheme[19]inaspecifiedrange.Inthis

figure,thepredictionintervalmeans inEqs.(22)and(31).AsseeninFig.9,the

predictionintervalisverysmallwhencomparedwiththeratedvalue801.34kg/sec,

whichmeansthatthepredictedvaluesareveryaccurate.Thepredictionintervalsof
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theanalyticalmethodarealmostsimilartothoseofthestatisticalbootstrapmethod.

Also,datapointsamong201testdatapointsmissthepredictionintervalsofthe

statisticalmethodand8datapointsamong201testdatapointsmisstheprediction

intervalsoftheanalyticalmethod(refertofigs.10-11,andTable3).

Fig.10.uncertaintyanalysisoftheSVRmodelbythestatisticalbootstrapmethod

Fig.11.uncertaintyanalysisoftheSVRmodelbytheanalyticmethod
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Table3.Uncertaintyanalysisresultsonfeedwaterflowrate

analyticmethod statisticalbootstrapmethod

datanumbers
exceeding
prediction
interval

Coverage(%)

datanumbers
exceeding
prediction
interval

Coverage(%)

8/201 96.02 9/201 95.52
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Ⅵ.Conclusions

Inthisthesis,inferentialsensingandmonitoringalgorithmsusingthedata-based

modelcombinedwiththeSPRT havebeendevelopedtovalidateandmonitorthe

existingfeedwaterflowratebyVenturimeterswithfoulingdegradation,andtheir

uncertaintieshavebeenanalyzed.Inordertotrainthedata-basedmodelbyusing

moreinformativedata,thetrainingdatawasselectedfrom alltheacquireddataby

applyinganSCscheme.ThedevelopedSVRmodelactuallyestimatesthefeedwater

flowratesignalbyusingothermeasuredsignalsotherthanthefeedwaterflowrate

signal.

Theproposedinferentialsensingandmonitoringalgorithmswereappliedtothe

acquiredrealplantstartupdataofYonggwangNuclearPowerPlantUnit3(YGN3).

Inthesimulations,TheRMS errorsare0.2105%,0.1896%,and0.2085% forthe

trainingdata,theverificationdata,andthetestdata,respectively.Themonitoring

algorithm usingtheSPRTinformsthehealthstatusofanexistinghardwaresensor

early.Also,estimateswitha95% confidenceintervalwereobtainedfor201testdata

pointsbyperformingtheanalyticalandstatisticaluncertaintyanalyses.Theprediction

intervals are so smallthatthe developed inferentialsensing and monitoring

algorithmscanbeappliedsuccessfullytovalidateandmonitortheexistingfeedwater

flow meters.
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좀 믿어주구....우리 실험실의 막둥이 동수,심원이,지 처럼만 생활하면 교수님께 이쁨

받을 거얌.2년이란 시간, 희와 함께하 기에 모든 것에 만족하고 즐거워 할 수 있었다.
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고맙다...

나이 들어 복학한 를 먼 보듬어주신 인 형,경열형,민신형,성민형,보열형,

형,강훈형,선배 같은 후배 수 이,앞으로도 충성하겠습니다.고맙습니다.실험실 생활

의 모르는 것들을 하나하나 알려주신 실험실의 원로 록형,동원형,선호형,선미 나

앞으로도 잘 부탁드리고 감사하다는 말 합니다.학교 생활동안 많은 고민을 들어주고

술로 로해 주던 유선형,정민형, 학원 생활을 같이 하며 많은 나이 차이에도 허물없

이 살갑게 해주신 박원서 부장님,정법권 과장님,귀성 형님,상 형님,철기 형님께

감사드립니다.그리고 사랑하는 나의 동기들 종선,병선,찬주,상 ,하라,주 ,승철,신

수,승기,지혜,충희,희정, 화 등등 자주는 보지 못하지만 맡은 일에 최선을 다하며 서

로에게 힘이 되어 주는 희로 인해 그간의 시간이 즐거웠고 앞으로도 연락하며 서로에

해 많이 알아가도록 하자.정말 이름조차 떠올리기 싫은 악마 희성이,항상 고맙다.무

뚝뚝하면서도 나를 챙겨주던 네겐 앞으로도 변함없는 갈굼으로 상 해주마.그리고 나의

과거는 제발 이젠 잊어주길 바란다.20년이라는 시간을 함께해 우리 친모 친구들,변

함없이 내 에서 나를 지탱해 주는 힘이 되어 주어 고맙다.경환,연태,성원,보 ,기라,

효성!앞으로 남은 평생을 서로 의지하며 그 게 지내자꾸나.고맙다.학번이 깡패라 항

상 나로 인해 왕고 한번 못 잡았던 용진,강일,상헌이 남은 학원 생활동안 많은 것을

얻어갈 수 있도록 노력하고 고마웠다.

마지막으로 지 껏 자신을 희생하시며 희 3형제만을 바라보시며 사신 어머니께 감

히 머리 숙여 감사의 말 을 합니다.철 없는 제가 나이 서른에 이제야 졸업을 하려합

니다.그간의 마음고생 헤아릴 길 없지만 묵묵히 지켜 주신 어머니의 끝없는 사랑에

감사하다는 말 밖에 드릴 수 없음이 안타깝습니다.지켜 주십시오.그리고 사랑합니

다.많이도 싸웠던 우리 3형제,쑥쓰러움에,단 한 번도 고맙다는 말 하지 못 했지만 이

번 기회를 빌어 헌석형,헌삼에게 고맙다는 말 합니다.친아들 못지않게 를 해주시

고 항상 못 난 를 치켜세워 주시며 용기를 불어넣어 주신 사랑하는 정은이의 아버님,

어머님께도 감사의 마음을 합니다.친오빠처럼 따라 은이,홀로 미국에서 외롭고

힘들겠지만 아자아자 화이 !!그리고 사랑하는 정은이 지 껏 인내함으로 기다려줘서

감사해.
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수 많은 추억이 서려 있는 이 곳을 이젠 후배들에게 맡기고 즐겁고 가벼운 마음으로

세상으로의 첫발을 딛으려 합니다.모두에게 감사함을 하는 지 , 를 보듬어 주었던

이 실험실에도 고마움을 합니다.이젠 성한이 동수,심원이의 따스한 둥지가 되어주렴.

2009년 05월 마지막날,

실험실에서...

양 헌
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