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SUMMARY

We presentthreemethodsfor history matchinganduncertaintyquantificationtestedon a syn-
thetictestcase.Thetestcasecontains

�������
activegrid blocks.Therearesix productionwells in

thereservoir.

A Bayesianapproachis used.Basedon productiondataandwell observationsof permeability
andporosity, samplesfrom theposteriordistributionfor permeabilityandporosityaregenerated.
By runninga reservoir simulatoron eachof thesesamples,a productionforecastwith estimated
uncertaintyis generated.

The first methodis the Oliver approach.This is an approximative methodthat givessamples
from adistributionwhich is believedto becloseto theposteriordistribution.

Thesecondmethodis basedon a geneticalgorithm. This is anoptimisationtechnique,andwe
do not generatesamplesfrom the posteriordistribution. But we get a very goodmatchto the
productiondata.

The third methodis anadaptive Metropolis–Hastings(MH) algorithm. OrdinaryMH methods
aretoo slow to usefor historymatchingbecausethe reservoir simulatorhasto be run for each
iteration.However, this methodwill samplecorrectlyfrom theposteriordistribution. Theadap-
tivemethodmakesuseof earlierproposalsto createnew proposals.In thisway, fewer iterations
areneededto getconvergence,comparedto ordinaryMetropolis–Hastings.

1. INTRODUCTION

Thework reportedhereis a partof theEC sponsoredPUNQ(Productionforecastingwith Un-
certaintyQuantification)project.ThePUNQprojectconsidersthehistorymatchingproblemin
a Bayesiansetting.

A syntheticcasestudywassetup,basedon a realfield case.Productiondatawasgeneratedfor
thesyntheticreservoir model.Themodelcontains

���	��
�	���
grid blocks,of which1761blocks

areactive. Thereservoir is characterisedby porosity, verticalandhorizontalpermeability.

ThepartnersweregiventheproductiondataaddedsomeGaussiannoise,andwell data,consist-
ing of permeabilityandporosityvaluesin six productionwells,alsoaddedGaussiannoise.The
productiondataarecollectedfor 8 years.Thetotal simulationperiod,includingtheforecasting
periodis 16.5years.Theproductiondatato bematchedarebottomholepressure,gas-oilratio
andwatercut. Five infill wells wereaddedafter the endof the history matchingperiod. We
have nowell dataor productiondatafrom thesewells. Thetruereservoir wasnot known for the
partnersbeforetheendof theproject.

A morethroughlydescriptionof thetestcaseis givenin Florisetal. [1].



2. DESCRIPTION OF MODELS

2.1 Stochasticmodel

We usea transformedGaussianrandomfield asprior modelfor theporosity, verticalandhori-
zontalpermeabilityconditionedon well observations.Thetransformationis suchthatvaluesof
theGaussianrandomfield correspondto porosityvaluesbetween� and ����� . For thehorizontal
andverticalpermeability, we usedthe log-transformin orderto get only positive permeability
values.

TheGaussianrandomfield is constructedasfollows. Let � bea vectorcontainingall reservoir
characteristics.Givena vectorof modelparameters,� , wewrite�������������
where � is a matrix and ��� is Gaussianrandomnoisewith zeromeanandcovariancematrix � . The stochasticcounterpartto � , ! , is alsoGaussianwith mean "$# andcovariancematrix # . The vector � is of length


%�
, andrepresentsa constantterm in eachlayer for eachof the

threecharacteristics,plusa lineartermin & - and ' -directionfor eachof thecharacteristics.The
parametersin thepriorswerechosenuncorrelatedandalmostnon-informative.Well observations
of reservoir characteristics,(�) areassumedto be Gaussiandistributedafter the transformation
mentionedabove. Sincebothprior andlikelihoodareGaussian,theposteriordistribution for �
givenonly well observationsis Gaussian,andcanbewrittenas*,+.-0/ (�)$132 4 *,+.-0/ �51 *,+ �51 *,+ (�) / - 1768�9� (1)

Theproductiondataareassumedto beequalto theoutputof thereservoir simulatorplussome
Gaussiandistributednoise, :<; �>= +.- 1$�@? ;
andthelikelihoodfunctionfor productiondatais givenbyA + ( ; / - 13��B + = +.- 1DCDE ; 1
where= is thereservoir simulatorand ( ; is observedproductiondata.In ourcase,theproduction
dataareindependent,sothecovariancematrix E ; is adiagonalmatrix. Thereforethelikelihood
functioncanbewritten asa productof one-dimensionalGaussiandensities.Thevariancesare
reportedin Floris et al. [1]. Theposteriormodel,from which we want to sampleis now given
by: *F+.-0/ ( ; CG(�)H132 *F+.-0/ (�)H1 A + ( ; / - 1 (2)

2.2 The Oliver approach

A generalisationof theOliver approachis used,seeOliver et al. [2] andOmreet al. [3]. This
simulationalgorithmwill only sampleexactly from (2), if the reservoir simulatorhadbeena
linearfunction.Tjelmeland[4] andOmreetal. [5] havedonesometestson thegoodnessof this
approximation.Thealgorithmtendto have too largevariability in thepilot points.



First, we generatea start realizationof the reservoir characteristicsconditionedto well data
from the distribution (1). An object function consistingof two termsis defined. One term
measuresdeviationfrom thestartrealization,andonetermmeasuresdeviationfrom theobserved
productiondataaddedsomeGaussiannoisewith covariance

 ;
. Theobjectfunctionis givenby+I-KJL-�M 1  	NPOQ +I-KJL-�M 1SRT�VU.= +I- 1 J (�W;�X  	NPO; UY= +I- 1 J (ZW;�X R (3)

where
 Q is the covariancematrix for the Gaussiandistribution (1) and

+.-[M CG( W; 1 are the start
realizationandtheproductiondataaddednoise,alsoreferredto asthepivot sample.Theobject
function(3) is minimisedwith respectto a setof controlvariables.We use90 controlvariables
whicharetheporosityandhorizontalandverticalpermeabilityvaluesin six grid nodesin all five
layers.

Thestochasticityof theOliveralgorithmlies in generatingthestartrealizationfrom theprior and
the noiseaddedto the productiondata. If the objectfunction insteadmeasuresdeviation from
theprior meanandtheproductiondatawithoutnoiseadded,minimisationof theobjectfunction
givestheMAP estimator.

2.3 The geneticalgorithm

Geneticalgorithmsareefficient optimisationmethodswhich canbeusedin optimisationprob-
lemswith multi-modalobjective functionsor wheretraditionalanalyticalmethodsfail.

Thesteadystategeneticalgorithmstartsby initialising a populationof B individuals. In each
generationa fixed fraction of the populationis selectedfor matingusingfitnessasa selection
criterion.Thisproducesanumberof offspringwhichareaddedto thepopulation.Thepopulation
is thencut back to its original sizeby removing the leastfit individuals. ThroughDarwinian
‘survival of thefittest’, thefitnessof thepopulationincreases.

Thefitnessfunction \ waschosento be

\]� �� �>^ _
where_ is a weightedsumof squareddeviationsbetweenobservedandsimulatedhistoricdata.
Thus \a`cbd��C �fe with 1 for aperfectfit.

father fffff
mother mmmmm
1stchild fffmm
2ndchild mmmff

Table1: Onepoint crossover scheme.

In orderto applyageneticalgorithmto historymatchingonemustdefineageneticrepresentation
of thereservoir. Thereservoir genomewascodedasasinglechromosome.Thenumberof genes
in the chromosomeequalsthe numberof active grid blocks. Eachgenecarriesa setof three
petrophysicalblock values,namelythe horizontalpermeability, the vertical permeability, and
the porosity. Thusin this model,eachgenecodesthe completesetof petrophysicaldatafor a
reservoir block. Recombinationwascodedassimpleonepoint crossoverof thechromosome;a



pairof parentsgetstwo childreneachwith oppositepartsof thegenomefrom eachof theparents
(Table1). Weaddeda1%probabilityof mutationwith themutationoperatorequalto grid block
swapping(observedblocksin well hadzeroprobabilityof participatingin thisoperator).

WeusedGaussianfieldsconditionedonwell observationsin theinitialisationfunction.However,
crossover andmutationlifted therestrictionof Gaussianfields. Therefore,thehistorymatched
reservoir is not Gaussiandistributed. By makingpredictionfrom a numberof best-of-history
individualsfrom 10 independentruns, the predictionuncertaintycould be estimated.Further
detailscanbefoundin Ref. [6].

2.4 The adaptivegeneticMetropolis–Hastingsalgorithm

Experienceshows thatordinaryMetropolis–Hastingsalgorithmswith proposalsdrawn from the
prior distribution converge too slowly in historymatching.Theprobabilityof drawing a reser-
voir thatfits theproductiondatawell enoughis too small. In theadaptive Metropolis–Hastings
algorithm,all earlierproposalsareusedto generatenew proposals,seeHolden[7]. In this way,
thehopeis to speedupconvergenceby makingbetterproposals.

The proposalsareinspiredby the geneticalgorithm. First, a populationis generatedfrom the
prior distribution conditionedto well observations.New proposalsaregeneratedaslinearcom-
binationsof two individualsof the populationandonerealizationfrom the prior (mutation)in
additionto a kriged field. The linear combinationsarechosensuchthat the proposalgetsthe
samemeanandvarianceastheprior conditionedto well data.Thenew proposalis takeninto the
populationwith probabilityproportionalto the likelihoodfunction. In this way, thepopulation
changesduring the iterations,and the individualsgive betterandbettermatchto the produc-
tion data.Thechainis generatedusingMetropolis–Hastingsacceptancecriteriawith proposals
generatedfrom thecurrentpopulation.

In theory, thismethodsamplescorrectlyfrom theposteriordensity(2). However, theacceptance
rateis hardto evaluateexactly becausethe prior distribution mustbeevaluated.Thereforewe
only calculatetheacceptancerateapproximatelycorrect,but we believe thatwe will becloseto
thecorrectposteriordistribution.

3. RESULTS AND CONCLUSIONS

We comparedthetotal oil productionpredictedby thedifferentmethodswith the‘true’ produc-
tion givenby runningareservoir simulatoronthe‘true’ petrophysicalfields(Table2). In thefirst
columnstheEclipsesimulatorwasusedonthetruereservoir for generatingbothproductiondata
andpredictions,while theMore simulatorwasusedby theGA andAGA algorithmsandAthos
wasusedby theOlivermethod.In themiddlecolumnsEclipsewasreplacedby More. In thelast
columnsthe’true’ reservoir wasgeneratedfrom theGaussianprior andtheMore simulatorwas
used.Thereservoir waspickedsuchthatthetotal productionwassimilar to theothercase.The
uncertaintiesareestimatedfrom a limited numberof runs. Most of theuncertaintiesaresmall,
considerablysmallerthanthe expectedprecisionof the simulator. Theuncertaintiesarelarger
whenpredictionproductionfrom new wells.

Note that it is only minor differencesbetweentheAGA andGA algorithmsandbetweenusing
EclipseandMoreonthe’true’ reservoir. Theslightly lowervaluesin theGA algorithmcompared
with theAGA arebelievedto mainly bedueto themutationswappingin theGA algorithmthat



Figure1: Horizontalpermeabilityin layer1 for the’true’ reservoir (left) andsamplesfrom theAGA, GA
andOliver methods.

reduceseffective permeability. The AGA andGA algorithmsconvergedfasterwhenthe More
simulatorwasused.For this particularreservoir theAthossimulatorseemsto give lowervalues
for theproductionthanEclipseandMore,seeFlorisetal. [1].

S3Eclipse S3More Gaussianreservoir
6 wells 11wells 6 wells 11wells 6 wells 11wells

True �9� �g� � ���5� ��� �g� � � ��� ��� �g� h � ���
AGA ��� �g�ji ����� 
 h � �g�ji ����� h ��� ��ki ���l� 
 h � �5�	i ��� � � ��� �g�ji �����5� h h � �9�mi ����� �
GA ��� ���mi ����� h h � �5��i ����� � ��� �5
	i ���l�� h � �5��i ��� � � �9� ��	i �9�l� � h � �5�ji ��� �[h
Oliver ��� �5�ji ��� �5� h � ���i ��� ��� N.A. N.A. N.A. N.A.

Table2: Comparisonof predictedoil production.Total oil production( nGo�p mp of oil) with nPq uncertain-
ties.

Whenusingthesamesetof wells asin thematchingperiod,boththeGA andtheAGA method
gave predictionsagreeingwith thetruevaluewithin theuncertainty. However, whennew wells
were added,the predictionfell significantlybelow the true value for the non-Gaussian’true’
reservoir. The mismatchcan be explainedby several factors. The most important factor is
the Gaussianprior. We now know that the ‘true’ reservoir hasnon-Gaussiandistributionsof
permeabilityandporositywith a top at high-permeablecells, seeFigure1. This distribution
was impossibleto matchwith our Gaussianassumptions.The infill wells werepositionedin
high permeableareasnot penetratedby the otherwells. For the Gaussian’true’ reservoir, the
predictionsareacceptablealsowith infill wells recognisingthat predictingproductionin new
wells is amuchharderproblem.

Figure1 illustratinglayer1 in realisationsfrom thedifferentmethods,shows someof theprop-
ertiesof themethods.TheAGA methodgivesa field in accordancewith theGaussianprior, the
GA algorithmhasconsiderablewhite noisefrom themutationswappingandtheOliver method
tendto havesomeextremevalues.
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