15th ASCE Engineering Mechanics Conference
June 2-5, 2002, Columbia University, New York, NY E
2002

Quantifying Prediction Uncertainty in Reservoir Modelling Using Streamline
Simulation

Mike Christie?,
SamSubbg?,
Malcolm Sambridgé’
andMarco Thiele?

ABSTRACT

The performanceof oil reserwirs is inherently uncertain: dataconstrainingthe rock and rock-
fluid propertiesis available at only a small numberof spatiallocations,and other measurementare
integratedresponseproviding limited constrainton modelproperties Calibratinga reserwir modelto
obsereddatais time consumingandit is rarefor multiple modelsto be ‘history matched’.Uncertainty
guantificationusuallyconsistsof identifying high-sideandlow-sideadjustmentso the basecase.

The NeighbourhoodAlgorithm is a stochasticsamplingalgorithm developedfor earthquak seis-
mology. It works by adaptvely samplingin parametespaceusinggeometricalpropertiesof Voronoi
cellsto biasthe samplingto regionsof goodfit to data. The algorithmevaluateghe high dimensional
integralsneededor quantifyingthe posteriorprobability distribution usingMarkov ChainMonte Carlo
run on the misfit surfacedefinedon the Voronoicells.

Thispaperescribesheuseof theNeighbourhoodlgorithm for obtainingmultiple historymatched
reserwir modelsand using the ensembleof modelsto quantify uncertaintyin reserwir performance
forecasting We describehe changeseededo generatanultiple history matchedmodels,andto sam-
ple from the posteriordistribution to quantifyuncertaintyin forwardpredictions.

Effective quantificationof uncertaintycanrequirethousandsf reserwir modelruns,eachof which
cantake severalminutesfor arelatively coarsegrid to severalhoursfor afine grid. As partof this paper
we describethe useof approximatestreamlinesimulationsto rapidly explore parameteispace. This
allows usto switchto slower corventionalsimulationin regionsof goodfit to the data.

We demonstrate¢he performanceof the algorithmon the SPE10th Comparatie Solution Project
datasetThisis abenchmarldatasefor whichafine grid reserwir descriptionis known. We take thisas
"truth” andusea coarsemodelto matchthe history datafor a limited periodof time. We thenpredict
both the maximumlik elihood performanceandthe uncertaintyervelopefor the remainingtime. The
maximumlik elihoodsolutionis closeto thetruth casefor muchof thetime, andthetruesolutionalways
lieswithin the uncertaintyboundspredictedby the algorithm.
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INTRODUCTION

Mathematicaimodelingof complex systemds commonin mary branchef scienceand
engineeringIn petroleumreseroir modelingthe systemof interestconsistof the petroleum
reserwir rock andthe variousfluids (oil/gas/vater),flowing throughthe rock. The properties
of interestusuallyincludethoserelatedto thetransmissiorandstoragecapacityof thereseroir
rock.

Theprincipalaimis to accuratelypredictthereseroir performancendfacilitatethe mak-
ing of economicandmanagemerdecisions.The mathematicamodelsusephysicalproperties
of thereserwir suchasits geometryandfluid flow propertiesandthe predictive accurag of
themodelsdepend®ntheaccurag with which thesephysicalpropertiesareknown.

Direct measurementgrovide dataaboutporosityandpermeabilityfields. Thesedataare
obtainedfrom coresamplegakenfrom explorationwells. Typically, the coresareof theorder
of 10717 — 10716 of thereserwir volume.

Theothersourcef dataarethoseinferredfrom logs, well testsor from reserwir produc-
tion data. Sincetheseinferreddatainvolve averagedesponsesver largerlengthscalesthere
is alarge degreeof uncertaintyassociateavith them.

Sincethereis alarge degreeof uncertaintyinherentin thereseroir descriptionthereser
voir modelis uncertain During the productionstageof thereserwir, oneobtainsdynamicdata
in the form of oil, waterandgasproductionrates,aswell aspressurgrofiles. In contrastto
the staticdata(e.g.,geometryand geology),thesedataare a direct measureof the reseroir
responseo therecovery processn application.Hencethe only way to reducethe uncertainty
in the reseroir modelis to constrainthe numericalmodelto the dynamicdata. The process
of incorporatingsuchdynamicdatain the generatiorof reserwir modelsis known ashistory
matching. Thusin history matching,by adjustingmodel parameterse.g., permeabilityand
otherflow properties,one aims at obtaininga model outputwhich is as closeto the history
(dynamical)dataaspossible.

History matchinginvolves determiningthe modelparametersn the basisof the obsenra-
tion data. History matchingis thereforeaninverse problem. Specifically the history matching
problemis anon-linearinverseandill-posedproblem.As is typical of inverseproblemsyather
thanobtaininga uniquesetof history matchingmodelparametershereexistsafamily of sets
of parametersall of whichwill give goodfits to the history data.

Sincehistorymatchingis characterizethy non-uniquenessnobvious methodof estimat-
ing the uncertaintywould be to generatamultiple reserwir realizationsj.e., an ensembleof
modelswhich all honorthe history data,andforecastfuture productionusingthis ensemble.
The spreadn the predictionsof the multiple reserwir realizationswill in general beindica-
tive of the degreeof uncertaintyin the forecasts Recentapproacheto history matchinghave
recognizedhatquantifyinguncertaintyrequiresgeneratingnultiple reserwir realizations.In
practicehowever, a major challengeis how to generateheserealizationsby an exhaustve
explorationof the parametespaceif thegeneratednodelsareto correctlyquantifytheuncer
tainty. Further for problemswith highinput-outputdimensionseachrun of thesimulatormay
bevery expensvein CPUtime. For mostcorventionalsimulatorsasinglerun cantake several
minutesfor arelatively coarsegrid to severalhoursfor afine grid. Hencepartof the challenge
is finding ameansof rapidly explore parametespace.

This papemresent stochasticamplingalgorithm,the NeighourhoodAlgorithm, for gen-
eratingmultiple reserwir realizationsconditionedon history data. The new searchalgorithm
makesuseof geometricaktonstructknown asVoronoicellsto derive the searchin parameter
space.Thegenerate@nsembles usedto quantify uncertaintyin a Bayesiarframeawork.



THE NEIGHBOURHOOD APPROXIMATION ALGORITHM

TheNeighbourhoodA\pproximationalgorithm(NA) is a stochasticamplingalgorithmde-
velopedoriginally for earthqua& seismologyFor afull descriptiorof thealgorithm,see(Sam-
bridge1999a)and(Sambridgel 999b). Thealgorithmexploresparametespaceausinggeomet-
rical constructsknown asVoronoi cells, see(Okabeet al. 1992),(Sambridgel999a). Here,
we adaptit to the problemof generatingnultiple historymatchingmodels.The NA algorithm
generatemultiple historymatchingmodelsin parametespaceaccordingo thefollowing rule.

At eachiterative stage the algorithmgenerates; modelsandcalculategheir misfitsval-
ues. Thenall the models,including thosepreviously generatedare ranked to determinethe
bestn, cells. New n; modelsarethengeneratedn the bestn, cells,i.e., by placingns/n,
modelsin eachcell.

The philosophybehindthe the algorithmis thatthe misfit of eachof the previous models
is representate of the region of its neighbourhooddefinedby its Voronoicell. Thereforeat
eachiterationstep,new samplesareconcentratedh the neigbourhoodsurroundinghe better
data-fittingmodels.Thusthe objective of thealgorithmis to biasthe samplingto goodhistory-
matchingregions of the parameterspace,(Sambridgel999a). By its nature,the algorithm
exploitsinformationin all previous modelsto selectvely sampleparametespace.

From the above, it is intuitive that the two parametershat control the algorithmare n
andn,. Indeed thesearethe only tuning parametershatcontrol the performanceof the algo-
rithm. The amountof explorationandexploitation performedby the algorithmis dependent
on theseparameterskFor instancejncreasingn, implies moreVoronoicellsareexploredand
the algorithmasa whole becomedesslocal in searchingparametespace.As pointedoutin
(Sambridgel999a),whatis decisve in the performanceof the algorithmis theratio n,/n,,
ratherthantheindividual valuesof eithern, or n,.

ENSEMBLE APPRAISAL — QUANTIFYING UNCERTAINTY

The NA algorithm generatesin ensembleof history matchingmodelswith their corre-
spondingmeasureof fit to the obsered data. The aim at the appraisaktageis to infer infor-
mationfrom this finite setof modelsin quantifyingthe uncertaintyassociatedvith predicting
futurereserwir performance.

Methodsfor samplingfrom theposteriopdf have beernreportedn theliterature, segOliver
etal. 1997),(Cunhaetal. 1998)and(Omreetal. 1999).

In this application,Voronoicellsareusedin constructinganapproximateposterioriproba-
bility distribution (ppd)from afixedensembleusinga Bayesiarapproach.

Any prior assumptionsve have of modelm ; canbeexpressedhrougha (prior) probability
densityfunctionp(m;). Givenobserationor historydata®, this datasenesto refineprevious
knowledgeaboutthe modelinputs by narrawing their posteriorprobability distribution. We
notethatthe obseration have uncertaintyassociateavith them. Hencecomparisorof obser
vationswith solutionsderivedfrom themodelswill have additionaluncertaintyassociateevith
uncertaintiesn the solutionprocesqGlimm andSharp1998).

For eachof the modelsgeneratedyve can calculatethe degreeof likelihood that the ob-
sened datacanbe explainedby the modelfor which the likelihood holds. This dependsn
themodelmisfit value,andis expressedsp(O|m), i.e., the probability of the obserationsO,
giventhemodelm. Having obtainedthis likelihood, we updateour prior knowvledgeto yield
a posteriorprobability of the model, given the obsered data. From Bayesrule the updated



posteriordensityfor m is:

p(O|m)p(m)
[ p(Om)p(m)dm’

The denominatoin Equationl is a normalisingconstantwhich needsto be calculatedn
orderto evaluateEquationl abore. However, evenfor low dimensionalproblemsthis could
beintractable.Markov chainMonte Carlo(MCMC) providesa methodof samplingfrom the
posteriordistribution without the needof calculatingthe normalizationconstant.For detailed
literatureon MCMC methodsseee.g., (Neal 1993), and for their applicationin petroleum
engineeringsee(Cunhaetal. 1998),(Glimm andSharp1998),(Oliver etal. 1997)and(Omre
etal. 1999).

Sincetheonly informationavailableaboutp(m|©) is the posteriorprobability distribution
of theinputensembleaneighbourhoodpproximatiorof p(m|O) is used.Thisis thebackbone
of theNA-Bayesiarmalgorithm. Thusby samplingfrom the posteriordistribution onegenerates
new pointsin parameterispacewhosedistribution ~ py4(m|O), wherepy 4(m|O) is the
neighbourhoodpproximatiorof p(m|Q), (Sambridgel 999b).

p(m|0)

(1)

PROBLEM DESCRIPTION

Theproblemwe intendto solwe is anidealone,andcanbe summarisedsfollows. Firstly,
werunafine grid modelto obtainfine grid averagepressureP(t), producedil andwaterrates,
Q,(t) andQ,(t), respectiely. We take thesefine grid dataasstandin for thefield data.Using
acoarseyrid model,theaimis to history matchthefine grid data,by determiningrelative per
meability cunes, K,,(S,) and K, (Sy). We thenpredictfuturefine grid behaiour for time
longerthanthehistorymatchingperiod,andthenquantifytheuncertaintywith our predictions.

Using anideal problemis essentialn the testingphaseof the algorithmsincethe truth is
known andwe cancompareour resultswith thetrue data.

Thefinegridis from the 10thSPEComparatre SolutionProject,(ChristieandBlunt 2001).
The consistf [60 x 220 x 85] cells. Thereare4 producersn the four cornersof the model,
eachproducingat 4000psibottomhole pressureanda centralinjectorwith aninjectionrateof
5000barrels/dayFiguresl.a.,1.h and1l.c. shav plots of thefine grid dataQ,(t), P(t) and
oil/waterrelative permeabilities.

Thecoarsgyrid is anupscalingof the coarsegrid andconsistof [5 x 11 x 10] cells. Here,
single phaseupscalingis used,(Christie 1996). The well positionsand completionsarethe
sameasin thefine scalemodel.

PARAMETERIZATION
To modeloil andwaterrelatve permeabilitiesrelative permeabilityfunctionsin (Chierici
1981)wereadopted.The modelconsistsof two formations,andfor each,the relative perme-
ability curvesfor oil andwater asfunctionsof watersaturation,S,,, aredefinedrespectrely
by
—aRS

K’ro(sw) = Kro(Si )e alt ) (2)

Krw(Sw) = Krw(sur)e_ﬂR_na 3)
whereR = (S, — Siw)/(1 — Sor — Sw), IS a scaledsaturationand S, is the residualoil
saturation. This implies that a total of 12 parameters6 for eachformation,i.e., four empir

ical parameterga, 3, ¢,n) andtwo rock/fluid parameterg K, (Siw), Krw(Sor)), hadto be
determined.



QUANTIFYING MISFIT

Two typesof errorsneedto beaccountedor namely modelanddataerrors.Dataerrorsen-
capsulateshelack of knowledgeof the subsurécegeologyanderrorsinherentin the dynamic
data. The modelerrorson the other handdependon the choice of numericalsimulatorwe
choosej.e., masshalanceor streamline Theseerrorsarisefrom the approximatiorof theorig-
inally continuousconseration andflow equationswith discreteanaloguesandtheinability to
capturesub-griddetails.

In theleastsquaresensethe measuref misfit, F;-, canbe expresseds

Br = Z<A13\C£1|A13>+Z,Z (Agjlc;t|ag;), (4)

Nw Nw j=o0,w

whereAP andAQj representhedifferencebetweerthe historydataandthatfrom the coarse
grid, for theaveragepressureandthefluid rates respectrely. The covariancematricesC, and
C; containinformationaboutthemodelandobserationerrors.Here, we have assumedimple
parameterizeébrmsfor the solutioncovariancefunctions.Dataerrorshave beenneglected.

SPEEDUP

Theattractionwith streamlinesimulatorss thedecouplingof the pressurandflow solvers.
Thus by opting for fewer pressuresolves, one achieves a speedupn the simulationat the
expenseof accurag. Our principal aim is to rapidly explore the parametespaceto identify
the good history matchingregions. We can then switch to a conventionalfinite-difference
simulatorand selectvely explore the identified parameterspaceregions. Hencethe aim is
maximumspeedat a slightly compromisedccurag.

In this papey we shall usea streamlinesimulator 3DSL, to obtaina speedupn exploring
parametespace.Basically 3DSL solvesa 3D problemby decouplingit into a seriesof 1D
problems.Eachof the 1D problemsis thensolved alonga streamline andthenmappedoback
onto the underlyingCartesiargrid to obtaina full 3D solutionat a new time level. In con-
trastto corventionalsimulators the streamlinesimulationis basedon fluid transportalonga
dynamicallychangingstreamline-basefliow grid. Thuslargetime stepscanbetakenwithout
numericalinstabilitiesandgiving the methoda nearlinear scalingin termsof CPU efficiengy
versusmodelsize,(Thieleetal. 1997),(Baker etal. 2001).

RESULTS AND DISCUSSIONS

Using 3DSL, we generate®84 history matchingmodels.We simulatedusinga time-step
of 25 days,atotal history matchingperiodof 300daysanda singlepresuresolve update.The
total CPUtime for the ensembleavas2.84hours. This givesanaverageof 0.17minpermodel.
If we updatethe pressuresolve more frequently e.g., every 10days,this factorincreasegso
0.35minpermodel. Thususingaa singlepressuresolve givesa speedup of about48% in our
particularcase.In thesequelwe seethatthis massie speedip helpsin therapidexplorationof
theparametespacenithoutremarkablycompromisingheaccurayg of our predictions Before
switchingto a corventionalfinite-differencesimulator one needso determinethe regionsin
parametespaceo explorefurther i.e., the rangesof the parameterTo do this, we plot the 1-
dimensionaposteriorprobability distribution of eachof the parametersTheseareprojections
of themultidimensionaposteriordistribution ontoeachof the 12 parameteaxes.Fig. 2 shavs
the 1D mawginal probability plotsfor all the parametersgeneratedisinga singlelong chainof
the MCMC walk.



As mentionedearlier our predictionof the fine grid behaiour is uncertain. Hencewe
quantify the uncertaintywith predictingthe fine grid behaiour from 300 to 2000 days. We
approachhisin two ways.

Firstly, we registerthe nearesneighbourVoronoicells visited duringthe MCMC random
walk. Thenwerunafull simulationoneachof thenearesheighbouicellsandplot the profiles.
Fig. 3 shaws the distribution for oil andwater Also plottedin Fig. 3 arethe maximumlikeli-
hoodmodelaswell asthefine grid (true)data. Theseplotsshav thatmodelsvisitedduringthe
MCMC walk form an ervelopeaboutthe true solution. Our coarsegrid predictionsare very
closeto thefine grid data. This ervelopehowever, may be broaderthanthe true uncertainty
ervelopesincethe influenceof eachmodelin definingthe unceratintydependn its poste-
rior probability We notethatduringthis walk, new history matchingmodelsarealsocreated,
which werenotin theoriginal ensemble.

In the secondinstance,we assumeGaussiarstatisticsand, using the modelsgenerated
duringtheMCMC walk, performa Bayesupdateof the probabilites.Thusthis approachakes
into accountthe relative influenceof eachof the modelsvisited duringthe MCMC walk. We
thencalculatethe first andsecondnomentgthe meanandstandarddeviation) of the profiles.
Usingtheseparametersye determinedhe Pyy and Py, i.e., the 10t andgoth percentilecut-
offs for eachof the profiles. Thesecut-offs areplottedin fig. 4, togethemwith our meanand
maximumlik elihoodpredictions.The Py, and Py, cut-offs rightly envelopeour predictedfine
grid solution.

CONCLUSIONS

We have demonstratedhe use of the NeighbourhoodApproximationalgorithmin con-
junction with streamlinesimulationto generatemultiple history matchingmodels. We have
investigatedusingsyntheticdatafrom the SPE10th Comparatre SolutionProjectandshavn
thatthe maximumlikelihoodmodelis anaccurateredictorof thefine grid behaiour.

By usingthe completeensembleof modelsgeneratecanda MCMC approachwe have
demonstratedwo methodsof quantifyingthe uncertaintyin future oil andwaterproduction.
We have shawn thatthetrue solutionlies within the uncertaintyboundspredictedby the algo-
rithm.

We investigatedhe useof streamlinesimulationto achiere speedupn exploring the pa-
rameterspaceandrapidly identify regionsof parametespacefor further explorationusinga
finite-differencesimulator Our resultsshav that we achieved a useful speedupn exploring
parametespaceby the useof streamlinesimulation,without significantlycompromisingthe
accurag of ourresults.

UsingaMCMC method we areableto identify regionsof goodfit to the dataandquantify
this by plotting the 1D maiginal probability distribution of the parameters.
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