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Abstract: A geneticalgorithm is appliedto the problemof
conditioning the petrophysicalrock propertiesof areser
voir model on historic production data. This is a diffi-

cult optimization problem where each evaluation of the
objective function implies a flow simulation of the whole
resewroir. Dueto the high computing costof this function,

it is imperative to make use of an efficient optimization
methodto find a near optimal solution using asfew itera-
tions aspossible. In this study we have applied a genetic
algorithm to this problem. Tenindependentruns are used
to give a prediction with an uncertainty estimatefor the
total futur e oil production using two differ ent production
strategies.

1 Oil production history matching

In orderto beableto forecastheoil productionusingdiffer-
entproductionstratgies,oneneedgealisticgeologicalmod-
elsof theoil reserwir. Thegeologicalmodelsareformulated
on grids with thousand®r millions of grid cells. Eachgrid
cell hasseveral physicalvariables andhence the numberof
unknowvn parametregn arealisticreserwoir characterization
is formidable.

The history matding problem s the problem of find-
ing geologicalmodelswhich are consistenwith both static
data—suchas permeabilitiesand porositiesas measuredn
wellbore plugs—andwith dynamicdatasuchasproduction
rates bottomhole pressuresandgasoil ratiosthroughouthe
productionhistoryof thefield.

In generalthe history matchingproblemis a non-unique
inverseproblem; several combinationsof parametrevalues
representinghe geologycouldgive the sameproductionper
formanceln afull scaleheterogeneougserwir, thenumber
of unknown parametress often as high as several millions
while the numberof obsenablesis muchsmaller The task
is to find a setof parametreso that the differencebetween
theresultsof flow simulationsandthetrue productionhistory
is assmallaspossible.This is a hardoptimizationproblem.
Sincethe computationatostof differentiationwithin a flow
simulatoris very high, we have choserto experimentwith a
geneticalgorithm(GA) [1, 2] asanoptimizationtool.

For ary realisticcaseone expectthat thereare mary lo-
cal optimain the history matchingproblem. Sinceproduc-
tion parametreso a large extentaredeterminedy the geol-
ogy nearthe wells, regionsfar from wells arenot very well

determinedoy this kind of inversemodelling. This induces
large uncertaintiesn the predictedproduction,especiallyif
new wells aredrilled. In orderto estimatethis predictionun-
certainty we have generated populationof historymatched
modelswhere eachindividual is generatecby an indepen-
dentGA optimization. In this way it is hopedthatwe span
a significantpart of the parametrespacecompatiblewith the
known productionhistory andthus,thatwe canestimatethe
predictionuncertainty

2 The PUNQ S3case

The methodis testedon a syntheticoil field preparedaspart
of the PUNQ (productionforecastingwith uncertaintyquan-
tification) projectsponsoredby the EuropearCommunity In
the PUNQ projectten partnersfrom industry researchnsti-
tutesanduniversitiesarecollaboratingon researcton uncer
tainty quantificationmethodsfor oil productionforecasting
[3]. The'historic data’ of the casestudiedin this paperwere
generatedisingtheEclipseoil simulator Gaussiamoisewas
addedto boththe historic dataandthe well obsenationsbe-
fore the datasetswith uncertaintieswvere presentedo the
partners At thetimethehistorymatchingwascarriedout, the
true reservir wasnot known to the partners.In the present
work we usedthe More simulatorfor historymatching.
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Figurel: A reseroir modeloptimizedwith GA.
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Figure2: Wellboreplug data:logarithmof verticalandhorizontalpermeabilitylog (K\) andlog(Kh) versusporosity¢, respectiely.

The productionhistory for the oil field wasknown for a
periodof 8 years. Thefield has6 wells. In the presentcase
studywe work on arelatively smallblock-centerecartesian
grid with dimensionsl9 x 28 x 5. The geologicalparame-
tresarethehorizontalandverticalpermeabilitiesK and K,
andthe porosities,¢. Aboutonethird of the grid blocksare
inactive. Figure 1 shaws the porosityfield of an optimized
model. The horizontalsize of the reserwir is much larger
thanits vertical size,andhence the grid blocksarevery thin
slivers. Consequentlythethird dimensionis hardlyresohed
in Fig. 1.

Thereare six wells with well bore plug obsenationsfor
all five layers. Thewell dataindicatesa 95% correlationbe-
tweenhorizontalandverticalpermeabilitiendthe porosity
cf. Fig. 2. For this reasonwe usedthreehighly correlated
Gaussiarrandomfields conditionedon well obsenationsto
intialize the populationbeforestartingthe optimization.

The pressureof the field was maintainedby a numberof
aquifers.It wasthereforenotnecessarjo useinjectionwells.
In thetestcase ananalyticaquifermodelof the CarterTracy
type was specifiedas part of the Eclipsemodelfile. Since
thereis no suchaquifermodelin the currentversionof the
More simulator we hadto constructone by using setsof
isolatedinactive blocksto represenhugewatersourcesand
non-neighbouconnectionso modelwaterflow into thegrid
blocksspecifiedby the Eclipseaquifermodel.

After 8 yearsof production two differentrecovery strate-
giesshouldbe considered.The first alternatve wasto con-
tinue productionfor another8.5 yearsusing the original 6
wells. The secondalternatve wasto add5 new wells for the
next 8.5years.Theaimwasto give forecastsvith uncertainty
estimatedor thetotal oil productionfor eachof the produc-
tion stratgies.

3 The geneticalgorithm

The objective of history matchingis to find a geological
modelgiving simulationresultsascloseaspossibleo thereal
productionhistory The mainideaof evolution programming
is to searchfor the optimumfrom a populationof possible
solutions. New statesare proposedy recombinatiorof ge-
netic materialin the population. By applicationof Darwin’s

survival of thefittestthe populationincreasesn fitnessmak-

ing efficient useof gradientinformationimplicitly encoded
in the population. The geneticalgorithmis basedon a ge-

netic representationf possiblesolutions,a matingoperator
for producingoffspring,anda mutationrule.

3.1 History mismatch and fithess

In historymatchingwe try to minimizethedeviationfrom the
true productionhistory. Thusthe mostfit modelsarethose
with aminimal deviationfrom thehistoricdata.HenceJet us
quantify this deviation by a weightedsumof squaredievia-
tions
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wherer is theresenoir characteristicsector ng is thenum-
berof time seriesn; is numberof elementsn time seriesi,
pi; arethe differentsimulatoroutputresultsfor the bottom
hole pressurethe gas/oilratio, andthe watercut, o;; arethe
correspondin@bsenations w;; aretheweights,anda?j are
the variances. The weightsand varianceswvere specifiedin
thePUNQS3case.

Thenwe definethefitnessof a particularsetof reserwir
characteristics as

fr) = — 2

1+/Q(r)
wherethe history mismatch@(r) is givenin Eq. (1). If for
somereasonthe flow simulatorcrashedduring the simula-
tion, the fitnesswas setequalzero. Thusthe fitnessis nor
malizedto theinterval [0, 1].

3.2 Geneticrepresentation

In orderto presere the high degreeof correlationbetween
the petrophysicaparametressseenin thewells (cf. Fig. 2),

the reseroir genomewas codedas an array of active grid

blocks. Eachgrid block carriesa setof threepetrophysical
block values namelythe horizontalpermeabilitythe vertical

permeability andthe porosity Thusin this modeleachgene
codesthe completeset of petrophysicatatafor a reseroir

block.



3.2.1Geneticoperators

Theinitial populationwascreatedoy usinghighly correlated
transformedsaussiamandonmfields(conditionedonthewell
obsenations)for the geologicalparametresThetransforma-
tion mapsthe Gaussiarrandomfield to porosity valuesbe-
tween0 and0.3. For the permabilitieswe usedexponential
transformsof the Gaussiamandomfieldsto getonly positive
values.

The crossingoperator is a simpleonepoint cross@er on
aone-dimensiondist of blocks. Sucha simplecut-and-paste
operatorin statespacecould leadto somerealizationswith
very high densitycontrasts.One could avoid this by imple-
mentinga smootherinterpolationbetweengeneticmaterial
from the two parents,but we have chosento let the objec-
tive functiontake careof it; realizationsthat make the flow
simulator crashare given zero fitness. However, using a
three-dimensionatross@er methodwith smoothinterpola-
tionswould probablyimprove the method.The mutationop-
erator is a simple swap operatorinterchangingpairs of grid
blocks. The probabilityof swappingthegrid blocksobsened
in thewellsis zero. Thus,the conditioningon well obsena-
tionsis preseredby thealgorithm.

3.2.2GA algorithm and parametres

We useda steadystategeneticalgorithm with overlapping
populationd4, p. 32]. We useda populationsizeof N = 50,
amutationprobabilityof 1%, acrosseer probabilityof 90%,
andareplacemenpercentagef 25%in eachgeneration.

Thus,in eachgeneratioril2 childrenareborn,and12 in-
dividualspassaway. We let 90% of the childrenbe formed
by crosseerfollowedby mutation.Theremainingl0%were
createdcasmutatedclonesof existing individuals. The muta-
tion probabilityfor eachgenein a chromosomeés 1%. With
aroundl700genesn eachchromosomethegenomeof atyp-
ical child hasundegonel?7 mutations.

The evolution was stoppedwhen the meanfitnesswas
within 98% of the fitnessof the bestindividual. Children
replacedheworstindividualsof the population.For mating,
a roulettewheel selectorwas used. Let f; be the fitnessof
individual number;. If thetotal fitnessof the populationis

N
F= Zf’l;
=1

thenthe probabilityfor theindividual j to be choserfor mat-
ingis
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A total of tenindependentunsweremadein orderto beable
to give anestimateof theforecastuncertainty

4 Results

The objective of this studywasnot to find a single solution
matchingthe obsenedhistory Ratherit wasto give a good

forecastof thetotal oil productionandto estimatethe uncer
tainty of this forecast. Thus, it wasnecessaryo producea
populationof historymatchedeseroir modelswherethein-
dividualsmay representifferentlocal optimaof the fithess
landscapef historymatching.This wasobtainedoy picking
the bestindividual of the last generatiorof tenindependent
GA runs. In this sectionwe reporton the resultsfor history
matchingandforecastausingthis setof optimizedreserwoir
realizations.In the optimizedpopulation,the meanvalue of
theweightedsquaredieviation ), asdefinedin Eq. (1), was
1.25 (rangingfrom 1.10-1.46). The meanof meansof the
10 x 50 realizationgdravn from theprior was3.23. Themin-
imalandmaximalvaluesof thehistorymismatchof theunop-
timizedrealizationswvere 1.58 and5.30, respectiely. Thus,
a significantimprovementof () is obsenedin the optimized
populationcomparedo the prior distribution.

4.1 History match

Sincethe stoppingcriterium of the GA was that the mean
fitnessis with 98%of the best,thenumberof flow simulation
runs beforecornvergencewasreachedvariedamongthe GA
runs. The meannumberof reserwir simulationrunsin the
geneticalgorithmwas805 spanninghe rangeof 566—1154.
Thetwo runswith lowestandhighestfinal valuefor Q(r) are

5

Figure3: Evolutionof Q(r) of thebest(black)andworst(red)indi-
vidualsof two independenGA runsasfunctionsof numberof flow
simulations.

shavn in Fig. 3. Obsene thatthe run with the highestfinal

history mismatchstoppecdearly Thereis a generatendeng

of early stoppersdeinglesswell adaptedhanthoserunning
longer This maybetakenassignof prematurecorvergence
of theGA.

Detailsaboutthe history matchfor the optimizedrealiza-
tionsareshawvn in Figs.4-6.

Figure 4 shows the simulatedbottom hole pressurever-
sustime for thetenoptimizedrealizations.The figure shovs
the historicdatawith 1 o errorbars. Theinitial step-like be-
haviour is dueto well testscarriedout in thefirst partof the
simulation. The long plateaurepresents shut-davn period
of 1461 days. In this periodthereis a slow increasen the
pressure.In the productionprofiles of the optimizedreser
voirsthisincreasas slightly smallerthanin the historicdata.
Thus,the simulatedbottomhole pressuregFig. 4) attheend
of the shut-davn periodfall outsidethe 1 & errorbar at this
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Figure4: Bottomhole pressurerersusdaysfor six productionwells. The spikesaredueto periodictestingandmaintainanceShuttingthe

BHP Pro-1

500 1000 1500 2000 2500
BHP Pro-11
3
3
500 1000 1500 2000 2500

BHP Pro-4

500 1000 1500 2000 2500

BHP Pro-12

500 1000 1500 2000 2500

180
170

500

1000

1500 2000 2500

BHP Pro-15

500

1000

producingwells causesrapidincreasen their pressurefollowed by alargedropwhenproductionis restarted.

250

200

150

100

50

GOR Pro-1

250

200

150

100

50

500 1000 1500 2000

GOR Pro-11

2500

Ty —

250

200

150

100

50

500 1000 1500 2000

2500

Figure5: Gasoil ratiosversusdaysfor six productionwells.
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datapoint. The periodicspikesin the plots are dueto well
tests;at certaintimesthewells areshutin for testsandmain-
tainance.During shut-inthe pressurdéncreasesfollowed by
aquickdropwhentheproductionis resumed.

Figure 5 shaws the simulatedgasoil ratios versustime
togethemwith obsenedvalueswith 1 ¢ errorbars.Thefluctu-
ationsin thegasoil ratio of wells Pro-1andPro-4arehardto
match.Thesimulationresultsfor thegasoil ratio (Fig. 5) are
outsidethel o errorbarfor severaldatapoints.
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Figure 6: Wateroil ratio versusdaysfor the only productionwell
with anorvanishingwaterproduction.

In all wells exceptone,the water contentis almostzero
throughoutthe whole productionhistory. This is the case
bothin the ‘true’ history andthe simulationdata. The sud-
denappearancef waterin well Pro-11is well matchedby
thesimulationgfor all tenrealizationgcf. Figure6).

4.2 Forecasts

Oneof theobjectivesof historymatchingis to beableto pre-
dict the productionof afield. After 16.5yearsof production
with the 6 original wells, we found a meantotal production
of 3.81 x 108 m? oil (¢ = 0.04 x 10¢ m3). To studythe
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Figure7: Estimatedprobability distribution curvesfor total oil pro-
ductionin unitsof 10° m? with theoriginal wells.

effectof incrementadrilling, five new productionwellswere
added. Their productionstartedat the end of the “history
matchingperiod”. With theseaddionalwells, the forecasted
total productionis 4.69 x 106 m? oil (¢ = 0.09 x 10 m?).
The estimatedorobability distribution curvesfor the total oil
productiorandtheincreasen theoil productiorwith 5incre-
mentalwells aredepictedin Figs.7 and8, respectiely. The
numericlabelson the datapointsarethe corresponding)(r)
values.
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Figure8: Estimatedprobability distribution curve for increasedil
productiorwith five additionalwellsin unitsof 106 m?.

The predictionsof Figs.7 and8 shouldbe comparedvith
the ‘true total production’ obtainedby runningMore on the
‘true reserwir’. With theoriginal wellsthe ‘true’ production
was3.85 x 108 m®. This agreeswell with the predictionof
3.81 £ 0.04 x 108 m3. With fiveinfill wells,thetrueproduc-
tion increasedo 5.15 x 10® m® comparedo a predictionof
4.69 + 0.09 x 106 m3. In this casethe predictedrangefalls
farbelow thetrueanswer

4.3 History mismatch and production

Onecouldaskif thereis a correlationbetweentotal oil pro-
ductionandvaluesof Q(r). As seenin Figs.9 and 10 this
seemaot to be the case.Hence the prematurecorvergence
of thegeneticalgorithmhasnot biasedhe predictions.
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Figure9: The total oil productionwithout incrementalells asa
functionof Q(r).

Figure10: Theincremenif thetotal oil productionwith additional
wellsasfunctionof Q(r).

Figure11 shows a crossplot of total oil productionwith
andwithout incrementalwvells. As oneshouldexpect,there



Figure11: Total oil productionwith incrementalvells versustotal
oil productionwith theoriginal wells.

seemdo be a weaklinear correlationbetweentotal produc-
tion with thetwo productiorstratgies.A goodreserwir with
6 wellsis still goodwith 11.

4.4 Discussion

The true valuefor the casethat no nev wells aredrilled is
within the 1 o uncertaintyof the forecast.However with five
new productionwellsin additionto the original six, the fore-
castis significantlylower thanthetrue production.This mis-
matchcanbe explainedfrom thefollowing arguments:

a) Sincethe‘true reserwir’ wasnon-Gaussiannitialization
using Gaussiarfields may be too restrictve, becauseof
thefinite correlationlengthof the Gaussiarields.

b) Thetrueproductionhistorywasgeneratedvith adifferent
flow simulatorthanthe oneusedfor historymatching.

¢) Theregionsfarfrom wellswith known productionhistory
arenot muchconstrainedy inversemodelling,andthus,
the productionuncertaintyof new wellsin suchregionsis
muchhigherthantheproductionuncertaintyof thehistory
matchedwells.

Argument(a) is strengthenedby a study using an adaptve
Metropolis—Hastingslgorithm confinedto Gaussiarfields
[5] wherethe predicteduncertaintyis even smallerthanin
the presentcase. Thus,the useof Gaussiarfields focusthe
searchon a too smallpartof the parametrespaceandforces
the geologicalmodelsinto a small subspacavhich may not
cover that of the true reserwir. We now know thatthe syn-
theticresenoir is non-Gaussian.

(b) Using a differentsimulatorfor matchingthanthe one
usedto generatahe ‘true’ history may alsoproducea bias.
For regionsnearwells with a known productionhistory, the
history matchingwill compensatéor the simualtorbias, but
notin otherregions.

The point raisedin argument(c) comesinto play when
new wells aredrilled. Genegepresentingetrophysicatata
of grid blocksfar from wells with known productionhistory
aresubjectto a very weakselectve pressure Consequently
geneticoperatordeadto mediocrepermeabilitypropertiesn
suchregions. If high-permeablgrid cells arerequirednear

the existing wells, thenthe grid cell swappingof the muta-
tion operatorwould tendto put low-permeablecellsin less
importantregions. Furthermorethe grid cell swappingpro-

duceswhite noisein the permablityfields. Dueto thelack of

correlationin white noise,suchfields have lower long range
permeabilitythan smootherGaussiarfields. Thus, the pre-
dictedproductionof new wells are biasedtowardsmediocre
or low yield.

Althoughthebiasingof predictionscanbereducedit can
nevervanish.Thestartingpointfor optimizationmustalways
be aclassof geologicalmodels.The advantageof narraving
the searchby arestrictve modelhasto be tradedagainstthe
risk of missingimportantpropertiesof the true geology In
addition, the flow simulatorhaslots of simplifying assump-
tions. As aconsequencét, will neverreproducehetrueflow
of arealreseroir evenif we hadexactknowledgeaboutits
petrophysicatock properties However, by makingsurethat
our history matchingmethodsrespectthe prior geological
knowledgeaboutthereserwir, i.e., by doing betterthanpro-
ducingwhite noisein regionswith weak selectve pressure,
the predictabilityof theyield of new wells shouldimprove.

5 Conclusions

A steadystategeneticalgorithmhasbeenappliedto a history
matchingproblemin oil reserwir exploration. The method
hasproven to be reasonablyfastin obtainingnearoptimal
solutions,i.e., geologicalmodelsgiving flow simulationre-

sultscloseto the obsened productionhistory. To be ableto

quantify the uncertaintyof the predictedoil production,we

createda populationof historymatchedealizationsisingthe
bestindividualsof tenindependenGA runs.Usingtheseten
geologicalmodelsasinput to the flow simulator production
forecastawvere madefor two differentproductionstrateies.
Theseforecastsaresimilarenoughto indicatethatall theend
realizationsof the reserwir are geologicallysimilar. Albeit

this methodis not a statisticallycorrectmethodfor drawing

fromtheposteriorit givesavaluableestimateof theforecast-
ing uncertainty

This work hasshowvn that geneticalgorithmsare promis-
ing in history matchingfor real petroleunreserwirs. In this
connectiortheinherentparallelismof thealgorithm—andhe
huge potentialfor speedingup the calculationson parallel
machines—uwillbe essentiaWwhen attackinglarger models.
It is worth mentioningthat very powerful parallelmachines
canbe built asLinux clustersusing off-the-shelfPC hard-
warewhich to a large extentalreadyis partof theinventory
of mostoil companies.

However, therearestill afew problemswith themethodas
implementechere. Most of thesearesmallandsolvable;we
have, for example,not experimentednuchwith parametres
of thegeneticalgorithmitself. Forinstanceit is believedthat
prematurecorvergencecanbe avoidedby usingseveral sep-
aratepopulationswith migrationinsteadof the singlesteady
statepopulationusedin this paper Also, asmentionedear



lier, thedisruptive effectof cross@ercanbereducedy using
a 3D crosswer operator It canbe furtherrefinedby interpo-
lating betweergeneticmaterialfrom thetwo parentsearthe
crosswer surfaces.This would reducetherisk for endingup
with superficialhigh contrastsurfacesn the children.

Otherproblemsaremorefundamentahndharderto solve.
For example,we needto find a geneticalgorithmrespecting
prior geologicalknowledge aboutthe reserwir suchasthe
correlationstructureof the petrophysicafields. In this study
we usedapopulationof 50transformedsaussiariieldsasthe
startingpointfor our geneticalgorithm. Thesefieldshadcer
tain trendsrepresentingprior informationaboutthe geology
However, by breakingup the correlationstructurethegenetic
operatorqespeciallythe block swappingmutationoperator)
tendto biastheproductionfrom new wellstowardslow yield.
Similar andmoresevere problemsoccurif onetriesto com-
bine geneticalgorithmswith more advancedreserwir char
acterizatiormethodsmakinguseof moredetailedgeological
knowledgeaboutthe reserwir. For example,a so-calledflu-
vial reserwir [6] consistsof a network of channeldn alow
permeabldackgroundafluvial reserwir is theresultof river
depositsouilt up over millions of yearsby thechangingposi-
tion of ariver-bed).Suchreserwirscanberepresentely ob-
jectmodels.In orderto applyageneticalgorithmto reserwoir
modelsof this type, one needsto find suitableparametriza-
tionsandgeneticrepresentationsf objectmodelssothatone
candefinemeaningfulcrossingandmutationoperatorswith-
out loosingthe prior geologicalknowledgeinherentin these
models.

Ideally, onewould liketo find notonly geologicalrealiza-
tions that matchthe history well, but their statisticallycor-
rectdistribution. To meetthis demandthe geneticalgorithm
couldbecombinedwith aMarkov chainMonteCarlosampler
[7,5].
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