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INTRODUCTION

TheRAVENcomputercode[1,2,3],developedatthe
IdahoNationalLaboratory,isagenericsoftwareframework
toperformparametricandprobabilisticanalysisbasedonthe
responseofcomplexsystemcodes.RAVENisamulti-purpose
probabilisticanduncertaintyquantificationplatform,capable
tocommunicatewithanysystemcode.
AnaturalextensionoftheRAVENcapabilitiesistheimple-
mentationofanintegratedvalidationmethodology,involving
severaldifferentmetrics,thatrepresentanevolutionofthe
methodscurrentlyusedinthefield[4].Thestate-of-artvali-
dationapproachesuseneitherexplorationoftheinputspace
throughsamplingstrategies,noracomprehensivevarietyof
metricsneededtointerpretthecoderesponses,withrespect
experimentaldata.TheRAVENcodeallowstoaddressboth
theselacks[5].
Inthefollowingsections,theemployedmethodology,andits
applicationtothenewerdevelopedthermal-hydrauliccode
RELAP-7[6],isreported.Thevalidationapproachhasbeen
appliedonanintegraleffectexperiment,representingnatu-
ralcirculation,basedontheactivitiesperformedbyEG&G
Idaho[7].Fourdifferentexperimentconfigurationshavebeen
consideredandnodalized.

PROPOSEDVALIDATIONMETRICS

Thevalidationactivitiesofsystemcodesarealwaysfun-
damentalprocessesinthedevelopmentandassessmentofthe
accuracyoftheemployedphysicalmodels.Thestate-of-art
methodologyiswelldescribedbyOberkampfetal.,2010[4].
Suchapproachtreatsuncertaintiesindividually(i.e.eachun-
certainparameterisconsidereddistinctlyfromoneanother),
whiletheproposedmethodologypathperformstheexploration
oftheinputspaceconsideringtheassociateduncertaintiesal-
togetherandanalyzestheresponsesthroughtheuseofseveral
validationmetrics.Uncertaintiesintheinputspacearetaken
intoaccountseparatelyfromonesintheoutputspace. As
alreadymentioned,Suchdistinctionisperformedemploying
samplingoftheinputspace.Suchcapability,availableinthe
RAVENcode,permitstocomparealargersampleofdata.
Thisapproachallowsmultipleandmoreprecisecomparisons
asanalternativeofusingcomparisononsinglecoderunsdata.

ParameterIdentification

Thefirststepinanycodevalidationistheidentification
oftheparametersthatactivelyinfluencetheresponseofthe
system.Theseparametersaregoingtobedivedintwosets:

1RiskAnalysisandVirtualcontrolENvironment.

dependentandindependent.Theindependentparametersare
theoneswhicharesetupintheexperiment,andaretherefore
goingtobetheinitialconditionsandboundaryconditionsof
themodeldescribedintheinputofthecodeunderinvestiga-
tion.Thedependentparametersinstead,aretheFiguresOf
Merit(FOM)relevanttomeasure. Whentheexperimentis
carriedout,manyfieldvariablesaremonitored,but,gener-
ally,onlyfewofthemareconsideredtoberepresentativeof
thephysicsoftheexperiment,andthereforeobjectsofthe
comparisonwiththesystemcodeundervalidation.

InputUncertainties

Inordertoassesstheaccuracyofthesystemcodeunder
consideration,itis,obviously,fundamentaltheinclusionofthe
experimentaldatauncertainties.Asalreadymentioned,those
uncertaintiesaregoingtobedirectlymirroredintheinput
spaceoftheexperiment,beingmodeledwiththesystemcode
underinvestigation.Theuncertaintiesassociatedtotheinput
spacecanberepresentedbyProbabilityDensityFunctions
(PDFs);whendealingwithexperimentuncertainties,itiscom-
monpracticetousethefollowingPDFs,sortedinascending
orderof“knowledge”regardingtheuncertaintysources:
•UniformPDF:usedwhennoknowledgeofthedispersion
andmeanofthedataareavailable,butonlythevariation
boundaries(i.e.lowerandupperboundaries);
•TriangularPDF:utilizedwhenthevariationboundaries
andthemostprobablemeanareknown,butnoinforma-
tiononthedispersionofthedataareavailable;
•NormalPDF:usedwheninformationaboutthemeanand
dispersionisavailable.

OutputUncertainties

Asalreadymentioned,whenperformingvalidationac-
tivities,theFOMsthatareconsideredinthe“comparison”
betweentheexperimentalandsystemcoderesponsesareaf-
fectedbydifferentsourcesofuncertainties.
Asitiswellknown,theexperimentaldataareaffectedby
uncertantiescomingfromdifferentsources:
•Determinateerrors,alsocalled“systematic”uncertainties,
relatedtothemeasurementdevices(e.gmis-calibration,
hysteresis,full-scale,etc.);
•Humanerrors,introducedbytheexperimentalist;
•Indeterminate(Random)errors,relatedtovariationin
experimentalconditions,operatorbias,orotherfactors
noteasilyaccountedfor.

Thesystemcoderesponsesareaffectedbyuncertaintiesthat,
obviously,comefromthemodelingapproximation[4],such
as:



•ComputerRound-offError(introducedwhenexactsolu-
tioncannotbeobtainedfromdiscreteequations);
•IterativeConvergenceError(introducedwhentruncation
closetothesolutionoccurs);
•SpatialandTemporalDiscretizationError;
•StatisticalSamplingError;
•ResponseSurfaceError.

IMPLEMENTATIONOFVALIDATIONMETRICS

Thefinalobjectiveofavalidationistocomparetheresults
fromthesystemcodeunderinvestigationtotheresultsofthe
experiments.Beforesuchcomparisoncanbeachieved,the
datahasfirsttobesortedandthenevaluated.

Binning

RAVENusesanautomaticbinningalgorithminorderto
subdividetheoutputdataandminimizethenoisecausedfrom
statisticalsampling.Givenacertainresponsesurface,asthe
oneshowninFigure1,RAVENsubdividesthedomainofthe
outputparametersinequallyspacedintervals.InFigure2
thereisthesubdivisionofthedataafterRAVENcomputed
theoptimalnumberofbins.Theoptimalnumberofbinsis
calculatedusingEq.(1),butinRAVENthereisawiderange
ofoptions,dependingonthedistributionoftheinput.

k=log2n+1 (1)

SensitivityAnalysis

RAVEN,duringtheoutputanalysis,hasthecapabilityto
calculateallthesensitivitycoefficientsbetweenchosenparam-
eters[8].Thesensitivitymatrixgeneratedcanbeusedtostudy
thedependenceofthesystemparameterfromacertaininput
sampling.Thismethodisusedtocheckthattheparameters
sampledintheinputspaceandtheresponseofthesystemare
dependentfromoneanother,andifso,iftheyarecorrelated
asexpected.Thesensitivitycoefficientsgivethelinearcor-
relationbetweeninputandoutputparameters;bycalculating
therelativeerrorbetweenthislinearregressionandtheactual
outputofthesystem,theinterdependenceamongtheparam-
etercanbereconstructed.Theequationusedtolinearizethe
problemisEq.(2).

Alin=
∂A

∂B
(B−B)+A (2)

CDFandPDFReconstruction

Withalltheoutputdatadividedintheoptimizednum-
berofbins,theprobabilitycurvesareconstructed.Thefirst
functionbuiltistheCumulativeDistributionFunction.The
numberofoutputcountsineachbin,orintervals,asshown
inFigure2,isnormalizedtooneandsummedupbinbybin.
Thenormalizationoccursbysummingupthetotalnumberof
counts,andusingthissumasaquotientforeachchannel’s
number.Thisnormalizationisneededinordertoachievethe
constraintofthefinalsumofthebincounttoone,constraint
neededforthePDF.Aquadraticinterpolationisthenusedto
fitthedata.AdatasampleisshowninTableI.Theexample

shownrepresentsthemassflowrateintheloop.Theresulting
functionisreferredasR(x).
FromtheCDFthederivativeiscalculated,usingthetree

pointderivationmethod,inordertocomputetheprobability
distributionfunction,referredasR(x).RAVENthenproceeds
tobuildafunctionandplotofadistributionwiththeinput
givenparameters,inourcaseanormaldistributiongiventhe
meanvalueandthestandarddeviation.TheCDFisreferred
asE(x)andthePDFasE(x).

FunctionsComparison

HavingthecontinuousfunctionsfortheCDFsandPDFs
forboththecodeoutputandtheexperimentRAVENuses
differerentcomparisonmetricstogether.

CDFAreaMetric

Thefirstmetric,alsocalledMinkowskyL1metric,cal-
culatestheareadifferencebetweenthecodeoutputCDFand
theexperimentalCDFusingEq.(3).Anexampleisshownin
Figure4

d(R,E)=
∞

−∞

|R(x)−E(x)|dx (3)

SincetheCDFisobviouslynormalizedtoone,whateverre-
sultsfromthismetricgivesanestimationintermsoftheunit
ofmeasuredused.

PDFAreaMetric

Thismetricinsteadcalculatestheareaunderneathboth
PDFs.Itgivesoutadegreeofagreementbetweenthetwo
distributions.Thismetricisnotunitsensitive,theresultis
giveninpercentaceofagreement.

I=
∞

−∞

R(x)dx∩
∞

−∞

E(x)dx (4)

DifferenceofContinuousFunctions

Beingzacontinuousrandomvariableequaltothedif-
ferenceoftworandomvariables,andbeingthetworandom
variablesstatisticallyindependentitcanbecalculatedEq.(5)

fz(z)=
∞

−∞

R(x)E(x−z)dx (5)

Eq.(5)isaPDFrepresentingthedifferenceofthetwoPDFs.
Thedomainisoverthevariablez,anditisunitmeasure
sensitive.Calculatingthemeanofthisdistributiongivesthe
valueforwhichthetwoPDFsbestoverlap.Calculatingthe
standarddeviationofthisdistributionreturnshowmuchthe
twoPDFsdifferoncetheyareatthebestoverlappingposition.

TESTCASE

Thestudycasepresentedisanaturalcirculationexperi-
ment[7].Insuchkindofexperimenttheindependentvariables,
theonessetupbytheexperimentalists,arethepowerinthe
coreandthepressureintheprimaryandsecondaryloops.As
described,beingthiscasestudyanaturalcirculationexperi-
ment,themostrelevantfiguresofmerittoanalyzeare:mass



TABLEI.CDFandPDFrecontructionforprimaryloopmassflowrate.

BinMidpoint BinCount NormalizedCount CDF PDF

2.4313E-01 1 1.2000E-04 1.2000E-04 8.7400E-03
2.4451E-01 3 3.6000E-04 5.8000E-04 7.4970E-02
2.4589E-01 14 1.6900E-03 2.1700E-03 4.3748E-01
2.4727E-01 62 7.4900E-03 9.6600E-03 3.8936E+00
2.4865E-01 196 2.3680E-02 3.3340E-02 2.4499E+01
2.5003E-01 499 6.0280E-02 9.3620E-02 6.2035E+01
2.5142E-01 937 1.1319E-01 2.0681E-01 1.1099E+02
2.5280E-01 1393 1.6828E-01 3.7509E-01 1.4415E+02
2.5418E-01 1642 1.9836E-01 5.7345E-01 1.6808E+02
2.5556E-01 1631 1.9702E-01 7.7048E-01 1.6808E+02
2.5694E-01 1051 1.2696E-01 8.9744E-01 6.2998E+01
2.5832E-01 553 6.6800E-02 9.6424E-01 2.5943E+01
2.5970E-01 219 2.6450E-02 9.9070E-01 7.8310E+00
2.6108E-01 64 7.7300E-03 9.9843E-01 1.7062E+00
2.6246E-01 13 1.5700E-03 1.0000E+00 3.7480E-02

Fig.1.RAVEN/RELAP-7output:Massflowrateresponse
surface.

flowrate,hotlegandcoldlegtemperatures.Meanwhilethe
inputvariablesareprimarypressureandcorepower,withthe
followinguncertainties.

Pressure Power

±0.1MPa ±1kW

TheoptimizednumberofMonteCarlosampleswascalcu-
latedtobe8000runsforeachinputoftheinputdeck(different
inputswerebuiltwithdifferentboundaryandinitialconditions,
followingthedifferentexperimentalset-ups).Thisoptimiza-
tioncomesfromtheneedofhavingalargeamountofruns
neededtoreducethenoisegeneratedbystatisticalsampling,
againstthecomputationaltimeneededforeachrun.Thefig-
uresofmeritthatwerechosentocomparetotheexperimental
resultswerethemassflowrateintheprimaryloopandthe
temperatureincoldlegandhotleg.Tothoseparametersthere
wereassociatedthefollowinguncertainties:

Fig.2.Histogramafteroptimizedbinning.

MassFlow Temperature

±0.033kg/s ±2K

InEq.(1),usingn 8000forthenumberofMonteCarlo
samples,theyarecalculatedanumberofbinsk=15.In
Figure3itisshowntheplotoftherelativeerrorbetweenthe
linearizedoutputofmassflowrateasfunctionofcorepower.
Sincethemassflowrateisproportionaltothecuberootofthe
corepower[9],theerrorbetweenthecuberootbehaviourand
thelinearregressionisshowninFigure3.

CONCLUSIONS

Asitiseasilyinferable,theRAVENcodehasjuststarted
tofacethefundamentaltopicofthevalidationactivities.The
approach,herebrieflyproposed,representsacomprehensive
methodologytoassesstheability,ofagenericsystemcode,to



-­‐0.20%	
  

-­‐0.15%	
  

-­‐0.10%	
  

-­‐0.05%	
  

0.00%	
  

0.05%	
  

28.00	
   29.00	
   30.00	
   31.00	
   32.00	
   33.00	
   34.00	
   35.00	
   36.00	
   37.00	
  

R
el
a
3v
e	
  
Er
r
or
	
  (
%)
	
  

Core	
  Power	
  (kW)	
  

Fig.3.Relativeerrorasfunctionofcorepower.

Fig.4.CDFComparison.

modelthereality.Allthevalidationmetricscurrentlyavailable
inRAVENcanprovideamuchbetterandclearerassessment
oftheaccuracyboundariesofthecodeunderinvestigation
thenasinglemetricapproach.Obviously,theherereported
methodologyonlyrepresentsthestartingpointonwhichall
thefuturedevelopmentisgoingtobebasedon.Inthenear
future,multi-dimensionaldistribution(MultivariateandCus-
tom)aregoingtobefinalized.Thesedistributionsarecrucial
inmodelingthecorrelations,intheinputandoutputspace,
amongdifferentuncertainparameters(FOMs).
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