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SUMMARY

We presentthreemethodsfor history matchingand uncertaintyquantificationtestedon a syn-
thetictestcase.Thetestcasecontainsl 761 active grid blocks. Therearesix productionwellsin
thereseroir.

A Bayesiampproachis used. Basedon productiondataandwell obsenationsof permeability
andporosity samplegrom theposterioristributionfor permeabilityandporosityaregenerated.
By runningareserwir simulatoron eachof thesesamplesa productionforecastwith estimated
uncertaintyis generated.

The first methodis the Oliver approach.This is an approximatve methodthat givessamples
from adistribution whichis believedto be closeto the posteriordistribution.

The secondmethodis basedon a geneticalgorithm. This is an optimisationtechniqueandwe
do not generatesampledrom the posteriordistribution. But we geta very good matchto the
productiondata.

The third methodis an adaptve Metropolis—HastinggMH) algorithm. OrdinaryMH methods
aretoo slow to usefor history matchingbecausehe reserwoir simulatorhasto be run for each
iteration. However, this methodwill samplecorrectlyfrom the posteriordistribution. Theadap-
tive methodmalesuseof earlierproposaldo createnew proposalsin this way, fewer iterations
areneededo getcorvergence comparedo ordinaryMetropolis—Hastings.

1. INTRODUCTION

The work reportedhereis a partof the EC sponsoredPUNQ (Productionforecastingwith Un-
certaintyQuantification)project. The PUNQ projectconsiderghe history matchingproblemin
aBayesiarsetting.

A syntheticcasestudywassetup, basedon arealfield case.Productiondatawasgeneratedor
thesynthetiaeserwir model. Themodelcontainsl9 x 28 x 5 grid blocks,of which 1761blocks
areactive. Thereserwir is characterisetly porosity verticalandhorizontalpermeability

The partnerswveregiventhe productiondataaddedsomeGaussiamoise,andwell data,consist-
ing of permeabilityandporosityvaluesin six productionwells, alsoaddedGaussiamoise.The

productiondataarecollectedfor 8 years.Thetotal simulationperiod,includingthe forecasting
periodis 16.5years.The productiondatato be matchedarebottomhole pressuregas-oilratio

andwatercut. Five infill wells were addedafter the end of the history matchingperiod. We

have nowell dataor productiondatafrom thesewells. Thetruereseroir wasnot known for the

partnerseforetheendof the project.

A morethroughlydescriptionof thetestcaseis givenin Florisetal. [1].



2. DESCRIPTION OF MODELS

2.1 Stochasticmodel

We usea transformedGaussiamandomfield asprior modelfor the porosity verticalandhori-

zontalpermeabilityconditionedon well obsenations. The transformations suchthatvaluesof

the Gaussiammandomfield correspondo porosityvaluesbetweer) and0.3. For the horizontal
andvertical permeability we usedthe log-transformin orderto getonly positve permeability
values.

The Gaussiamandomfield is constructedisfollows. Let R be a vectorcontainingall reseroir
characteristicsGivena vectorof modelparameterd], we write

R=F0+e,

where I’ is a matrix ande, is Gaussiarrandomnoisewith zero meanand covariancematrix

Y. The stochastiacounterparto 6, ©, is also Gaussiarwith meang, and covariancematrix

Y. Thevectord is of length21, andrepresents constantermin eachlayer for eachof the

threecharacteristiclusalineartermin z- andy-directionfor eachof the characteristicsThe

parameters thepriorswerechoseruncorrelate@ndalmoston-informatve. Well obsenations
of reserwir characteristicsy,, areassumedo be Gaussiardistributed after the transformation
mentionedabove. Sinceboth prior andlik elihoodare Gaussianthe posteriordistribution for R

givenonly well obsenationsis Gaussianandcanbewritten as

F(rlow) o / £(r16) £(8) f(oulr) db. 1)

The productiondataareassumedo be equalto the outputof thereserwir simulatorplussome
Gaussiardistributednoise,

O, =w(r)+ U,
andthelik elihoodfunctionfor productiondatais givenby
L(op|r) = N(w(r), %)

wherew is thereserwir simulatorando, is obseredproductiondata.ln ourcasetheproduction
dataareindependentsothe covariancematrix ¥, is adiagonalmatrix. Thereforethelik elihood
function canbe written asa productof one-dimensionaGaussiardensities. The variancesare
reportedin Floris etal. [1]. The posteriormodel,from which we wantto sampleis now given

by:
f(rlop, 0w) o f(r|ow) L(op|r) (2)

2.2 The Oliver approach

A generalisatiorof the Oliver approachs used,seeOliver et al. [2] andOmreetal. [3]. This
simulationalgorithmwill only sampleexactly from (2), if the reserwir simulatorhadbeena
linearfunction. Tjelmeland4] andOmreetal. [5] have donesometestson the goodnes®f this
approximationThealgorithmtendto have too large variability in the pilot points.



First, we generatea startrealizationof the reserwoir characteristiczonditionedto well data
from the distribution (1). An object function consistingof two termsis defined. Oneterm
measuredeviationfrom thestartrealizationandonetermmeasuredeviationfrom theobsered
productiondataaddedsomeGaussiamoisewith covarianceX,. Theobjectfunctionis givenby
_ _ T
(r—rs)X, Yo —r)" + (w(r) — 02) 2, ! (w(r) — 02) 3)
where, is the covariancematrix for the Gaussiardistribution (1) and (s, og) are the start
realizationandthe productiondataaddednoise,alsoreferredto asthe pivot sample.The object
function(3) is minimisedwith respecto a setof controlvariables.We use90 controlvariables

which aretheporosityandhorizontalandverticalpermeabilityvaluesin six grid nodesn all five
layers.

Thestochasticityof the Oliveralgorithmliesin generatinghestartrealizationfrom the prior and
the noiseaddedto the productiondata. If the objectfunctioninsteadmeasuresleviation from
the prior meanandthe productiondatawithout noiseaddedminimisationof the objectfunction
givesthe MAP estimator

2.3 The geneticalgorithm

Geneticalgorithmsare efficient optimisationmethodswvhich canbe usedin optimisationprob-
lemswith multi-modalobjective functionsor wheretraditionalanalyticalmethoddail.

The steadystategeneticalgorithmstartsby initialising a populationof N individuals. In each
generatiora fixed fraction of the populationis selectedor matingusingfitnessasa selection
criterion. Thisproducesnumberof offspringwhichareaddedo thepopulation.Thepopulation
is then cut backto its original size by remaving the leastfit individuals. ThroughDarwinian
‘survival of thefittest’, thefitnessof the populationincreases.

Thefitnessfunctionp waschoserto be

1
FTTEve

where( is aweightedsumof squaredieviationsbetweerobsenedandsimulatedhistoricdata.
Thusy € (0, 1] with 1 for a perfectfit.

father fffff
mother | mmmm
Istchild | fffmm
2ndchild | nmf f

Tablel: Onepointcrosseer scheme.

In orderto applyageneticalgorithmto historymatchingpnemustdefineageneticrepresentation
of thereseroir. Thereserwir genomenvascodedasa singlechromosomeThenumberof genes
in the chromosomesqualsthe numberof active grid blocks. Eachgenecarriesa setof three
petrophysicablock values,namelythe horizontalpermeability the vertical permeability and
the porosity Thusin this model,eachgenecodesthe completesetof petrophysicablatafor a
reservir block. Recombinatiorwascodedassimpleonepoint cross@er of the chromosomea



pair of parentgetstwo childreneachwith oppositepartsof thegenomerom eachof theparents
(Tablel). We addeda 1% probabilityof mutationwith the mutationoperatorequalto grid block
swapping(obseredblocksin well hadzeroprobability of participatingin this operator).

We usedGaussiariieldsconditioneconwell obsenationsin theinitialisationfunction. However,
cross@er andmutationlifted the restrictionof Gaussiarfields. Therefore the history matched
reserwir is not Gaussiardistributed. By making predictionfrom a numberof best-of-history
individualsfrom 10 independentuns, the predictionuncertaintycould be estimated. Further
detailscanbefoundin Ref.[6].

2.4 The adaptive geneticMetr opolis—Hastingsalgorithm

Experienceshovs thatordinaryMetropolis—Hastingslgorithmswith proposalsiravn from the
prior distribution corverge too slowly in history matching. The probability of drawing a reser
voir thatfits the productiondatawell enoughis too small. In the adaptve Metropolis—Hastings
algorithm,all earlierproposalsareusedto generateew proposalsseeHolden[7]. In thisway,
thehopeis to speedup corvergenceby makingbetterproposals.

The proposalsareinspiredby the geneticalgorithm. First, a populationis generatedrom the
prior distribution conditionedio well obserations.New proposalsaregeneratedslinearcom-
binationsof two individualsof the populationand onerealizationfrom the prior (mutation)in
additionto a krigedfield. The linear combinationsare chosensuchthatthe proposalgetsthe
samemeanandvarianceastheprior conditionedo well data.Thenew proposais takeninto the
populationwith probability proportionalto the likelihoodfunction. In this way, the population
changesluring the iterations,and the individuals give betterand bettermatchto the produc-
tion data. The chainis generatedisingMetropolis—Hastingacceptanceriteriawith proposals
generatedrom the currentpopulation.

In theory this methodsamplesorrectlyfrom the posteriordensity(2). However, theacceptance
rateis hardto evaluateexactly becausehe prior distribution mustbe evaluated. Thereforewe
only calculatethe acceptanceateapproximatelycorrect,but we believe thatwe will be closeto
the correctposteriordistribution.

3. RESULTS AND CONCLUSIONS

We comparedhetotal oil productionpredictedby the differentmethodswith the ‘true’ produc-
tion givenby runningareserwir simulatoronthe‘true’ petrophysicafields(Table2). In thefirst
columnsthe Eclipsesimulatorwasusedon thetruereserwir for generatindothproductiondata
andpredictionswhile the More simulatorwasusedby the GA andAGA algorithmsandAthos
wasusedby the Oliver method.In themiddlecolumnsEclipsewasreplacedy More. In thelast
columnsthe'true’ reserwir wasgeneratedrom the Gaussiarprior andthe More simulatorwas
used.Thereseroir waspicked suchthatthe total productionwassimilar to the othercase.The
uncertaintiesare estimatedrom a limited numberof runs. Most of the uncertaintiesaresmall,
considerablysmallerthanthe expectedprecisionof the simulator The uncertaintiesarelarger
whenpredictionproductionfrom new wells.

Notethatit is only minor differencedbetweernthe AGA andGA algorithmsandbetweenusing
EclipseandMoreonthe’true’ reseroir. Theslightly lowervaluesin theGA algorithmcompared
with the AGA arebelievedto mainly be dueto the mutationswappingin the GA algorithmthat



Figurel: Horizontalpermeabilityin layer1 for the'true’ reserwir (left) andsamplefrom the AGA, GA
andOliver methods.

reducesffective permeability The AGA andGA algorithmscorvergedfasterwhenthe More
simulatorwasused.For this particularreseroir the Athos simulatorseemso give lower values
for the productionthanEclipseandMore, seeFlorisetal. [1].

S3Eclipse S3More Gaussiameseroir
6 wells 11wells 6 wells 11wells 6 wells 11wells
True 3.87 5.33 3.85 5.15 3.85 4.81
AGA | 3.87+£0.02 | 4.854+0.04 | 3.88 0.02 | 4.96 = 0.10 | 3.87 = 0.004 | 4.71 = 0.05
GA 3.81+0.04 | 4.694+0.09 | 3.824+0.03 | 4.75+0.10 | 3.78 =£0.05 | 4.57+0.14
Oliver | 3.57+0.11 | 4.59+0.17 N.A. N.A. N.A. N.A.

Table2: Comparisorof predictedoil production.Total oil production(10? m? of oil) with 1 o uncertain-
ties.

Whenusingthe samesetof wells asin the matchingperiod,boththe GA andthe AGA method
gave predictionsagreeingwith thetrue valuewithin the uncertainty However, whennew wells
were added,the predictionfell significantly belov the true value for the non-Gaussiantrue’

reserwir. The mismatchcan be explainedby several factors. The mostimportantfactoris

the Gaussiarprior. We now know thatthe ‘true’ reserwoir hasnon-Gaussianlistributions of

permeabilityand porosity with a top at high-permeableells, seeFigure 1. This distribution
was impossibleto matchwith our Gaussiarassumptions.The infill wells were positionedin

high permeableareasnot penetratedy the otherwells. For the Gaussiaritrue’ reserwir, the
predictionsare acceptablelsowith infill wells recognisingthat predictingproductionin new

wellsis amuchharderproblem.

Figurel illustratinglayer1 in realisationgrom the differentmethods shovs someof the prop-
ertiesof themethods.The AGA methodgivesa field in accordancevith the Gaussiarprior, the
GA algorithmhasconsiderablavhite noisefrom the mutationswappingandthe Oliver method
tendto have someextremevalues.
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