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Abstract

Theaimof thestudyis to conditionstochastigeneratedealiza-
tionson well testdatain orderto improvesimulationof facies
and petrophysicsn fluvial reservoirs. First we haveusedthe
pressuralatato estimatethe shortesdistancefrom thewell to
a possiblechannelboundaryandtherebysimulatethe channel
structures Thewell testalsoprovidesthe permeabilityaverage
in the partof thechanneintersectedby thewell. Togethemwith
core/logdataandgeneraknowledgeof the reservoirthis have
beenusedto simulatepermeability Thesepermeabilityrealiza-
tionsis inputto a numericalflow simulatorandcomparedvith
experimentatesultsof thewell test.

Introduction

Lack of relevantdatais often a hindranceto properreservoir
managementparticularly for offshore reservoirsat an early
stage. Therefore,it is importantto useall the availabledata
to theirfull extent. Thereis still aconsiderableincertaintythat
shouldbe quantified.

By usingastochasti@pproaclit is possibleo includevarious
typesof dataandto quantify the uncertainty It is importantto
havean efficient algorithmfor generatingdifferentstochastic
realizations. The algorithm should be compatiblewith other
softwareprogramswhich are usedin reservoirevaluation. In
this paperit is demonstratedhow information from transient

pressuravell testmaybe usedin anexistingcommercialsoft-
warepackageandhow this improvesthe reservoirdescription
and history matchingand therebyreducesuncertaintyin the
results.

Stochasticmodelling principles have becomeincreasingly
popularandmanycompaniedasetheir reservoirmanagement
on resultsfrom stochastianodels. Severaltechniquesre cur
rently available! =5. Thefocusis still on heterogeneitynod-
elling, i.e. generatingone or a few realizationswhich satisfies
a geologicalinterpretationand a set of specifieddata. There
is, however a growing useof stochastianodelsalsoin history
matching® and quantificationof uncertaintyboth of volumes
” and production®®. Quantificationof uncertaintyrequires
a quantificationof the geologicaland geophysicainterpreta-
tion, specificationof the distributiors of the mostimportant
parameter thestochastienodel,andmanyrealizationf the
stochastienodel.

Typically, the following dataare used: well observations,
spatial distributions of facies and petrophysics,and seismic
horizons. Therehasbeenanincreasediseof seismicdatafor
bothfaciesandpetrophysicamodelling*®:1!. Most stochastic
modelsmay easilyinclude seismicdata. The crucial point is
thecorrelatiorbetweertheseismicandpetrophysicalvariables.
Thecorrelationis probablysignificantin manyreservoirs %11
butis difficult to estimate.Iln additiontherearesometechnical
challengeselatedto the differencan scalebetweertheseismic
andpetrophysicatiata.

This paperreportsour experiencein including the use of
well test datain a stochasticreservoirmodel. Our aim is
to useall availabledatain the reservoirmodelling. Within
the Norwegianpetroleunresearcltommunitytherearesimilar
projectdocusingonseismiadata productiondatawell logsetc.
The samesoftwaretools areusedin the differentprojectssuch
thatit is possibleto useall theinformationin the sameproject.



2 USE OF WELL TEST DATA IN STOCHASTIC RESERVOIR MODELLING

SPE30591

Well test data

Therehasbeenanintensivedevelopmenin the useof well test
data'?—16. Oneapproachs to useanalyticaltoolsto estimate
pressuresupportand from that infer propertieslike distance
to faults, permeabilityheight product, channelgeometryetc.
This approachhasthe advantagehat it usually givesa good
interpretationof the well test. Sinceanalyticaltools are used,
numericaproblemdueto largepressurgradiensclosetowells
areavoided.

An evenmorechallengingaskis to estimatehe permeability
in alargenumberof grid blockssurroundinghewell. Thereare
somepromisingresults.This approachs, howevey believedto
bemoresensitiveto noisein data,andauniqueinterpretatioris
unlikely.

A third approachis usedin this paperafter an evaluationof
boththecharacteristicsf thedifferenttechniquesogethemwith
somepracticalconsiderations.The informationfrom the well
testsshouldbe combinedwith otheravailableinformationlike
well logs, seismic,andgeologicalinterpretation It is important
to combinewith other softwaretools usedin the projectlike
stochastisimulationsoftware mappingpackageandreservoir
simulator This proceduredependson the availablesoftware
andexperiencen theactualproject. In this approactanalytical
andnumericalwell testtools areusedin orderto interpretthe
well testandestimatee.g.distanceo flow bordersandeffective
permeabilitiexloseto thewell. The stochastigeneratedeal-
izationsarethenconditionednthesdnterpretationsReservoir
simulationsareusedo confirmthattherealizationsatisfieshe
well test. In somecasest is, howevey necessaryith some
adjustmentén the parameters.

The mostintuitive methodto combinewell test data with
stochasticgenerationof reservoirsis to generatea sufficient
numberof stochastiaealizations. Thenthe realizationwhich
bestfits the datais chosen.This requiresan enormousamount
of computingpower Alternatively, somekey parametersnay
be estimatedrom the tests,and keptfixed in the simulations.
This reduceghe needfor computingpowerconsiderably Ex-
perimentaldesigntechniquesnay be usedwhencombinations
of severalparametervaluesare necessaryn orderto obtain
matchof thewell test'”.

In this paperwe proposdechniquesisingwell testdatain a
largestochastienodelwithoutincreasinghecomputingrequire-
mentssignificantly Thisrequireghatthewell testisinterpreted
andsomemodelparameterareestimated.

Informationfrom well testsmaybethedistanceo faults,con-
nectionbetweertwo wellsby ahighpermeableone distanceo
thenearesborderof achannepenetratethy awell, andaverage
permeabilityor possiblya permeability-thicknesproduct(kh)
in azone.Theinterpretatiormayincludeuncertaintiese.g.the
distanceto the borderof the channelis between200 and 300
m, or thereis a 30 percenfprobabilityfor afault and70 percent
probability for a borderof the channel. This interpretedwell
testinformationwith uncertaintyin the parametersshouldbe
includedin the stochastionodel. In this paperthe stochastic

modelfor channelgeometryis a markedpoint process'®, and
is a Gaussiaimodel!®:20 for the permeability This is atypical
two stagemodel?'. Thewell testanalysismaygive distanceo
the boundariesf a fluvial channeland permeability-thickness
productin the channelcloseto thewell. Fora fluvial modelit
haspreviouslybeenreportechowto usetheinformationthatthe
samechannelis observedn differentwells'®. Thesametech-
niguewhichis presentedheremay be appliedto the modelling
of faults presentedy Muntheet al.?2 wheretheinterpretation
of thewell testmaybethedistancdrom thewell to asubseismic
fault.

Stochastic model
In this sectionwe will give ashortdescriptionof the faciesand
petrophysicamodel.

Faciesmodel. Thefaciesmodelis basednamarkedpointpro-
cesanodellingpermeablehannelsn alow permeablanatrix.
Themodelhasbeenpresentearlierin separat@apers8:23, It
is focusedon the geometryof the channelspecaus¢he geom-
etry of the channelsarebetterunderstoodhanthe geometryof
thebackgroundacies.In themodela channebeltis a separate
objectwhich consistof severakeparatehannelgFig. 1)

Each channelconsistsof a main channel,crevassesplays
connectedo the channelandbarriersinsidethe main channel
(Fig. 2)

Eachchannelnditsassociatedrevasesaredescribedy sev-
eral 1D correlatedGaussiarfieldsrelativeto a mainaxis. The
barriersareassumedo beellipsoids. Thereis alargenumberof
parameterén the modelincluding net-to-grosgatio, direction
of channelspnumberof channeldn eachchannelbelt, number
of crevasseper channel,dimensionof eachchannelandin-
tensityof barriers.All thedifferentparametersrespecifiedas
distributions. In the modelit is possibleto conditiononalarge
numberof wells. It is possibleo specifythe probabilitythatthe
samechannelis observedn differentwells or the probability
canbe calculatedbasedon the otherparametersn the model.
Onecanalsocombinegeometridnformationinterpretedoy the
modeland additionalinformationfrom e.g.well test, detailed
well logsetc. Thetype of modelhasbeenusedin severalarge
field studies’?5.

Themodelhasbeenextendedo allow eachwell observation
in achannelo includetheinformationof the distancerom the
well to thenearesborderof thechannelFig. 3)

If thechannelwidth is 1000m, andno additionalinformation
is available,the distancefrom the well to the border of the
channelis uniformly distributedbetween0 and 500 m. The
programis extendedsuchthatit is possibleto conditionon the
distancébeinge.g.betweerl 00mand200m,or afixeddistance.

Thedirectionof the channels found by the stochastianodel
as a trade off betweenthe different parametersmainly the
distribution for the directionof channelbelts(specifiedby the
user)andthewell observations.
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Thismodelhasalsobeerextendedn orderto useseismicdata
24, The seismicinputis a 3D grid of impedanceor amplitude
valuesanda conditionalprobability functionfor channekand-
stonegiventhe seismicvariable. A Bayesiartechniquéds used
in orderto conditiononthe positionandsizeof thechannebnd
channebelt.

Petrophysical model. The permeabilityis modeledasa log-
Gaussiarfield 1°. The permeabilityhasdifferentdistributions
in the four facies: channel barrier crevasseandmatrix. The
permeabilityis typically high in the channelsmediumto poor
in the crevassesind poor to very poor in the matrix and bar
riers. It is well known 26 how to conditionon (log-)Gaussian
fields in points, or how to generatecorrelatedfields for e.g.
permeability water saturation,and porosity We usually sim-
ulate Gaussiarfields using a sequentialsimulation algorithm
describedn Ref. 20, but there are also other fast simulation
algorithms seeRef.27.

From a well testthe effective permeabilityk. for flow into
a well may be estimated. This is not a point value but a
complicatedaveragefound by solving the Laplacianequation
locally aroundthe well. In Ref. 15 a methodis demonstrated,
for conditioningeffective permeabilityfrom a well testusing
a simpleflow model. Sinceit is difficult to conditiondirectly
on this simpleflow model, a relativetime consumingterative
schemewas proposed. A Gaussiammodel, however may be
conditionedby usinga weightedarithmeticaverage

ke = /k(y)w(r =AY (1)
andalog-Gaussiaffield by usingaweightedgeometricaverage
kS = (/ E Y (y)w(z —y)dy)™ (2)

Thussimpletechniquesvould notincrease¢he computingtime
considerably The function w satisfies [ w(z)dz = 1, and
determineghe volume wherethe averageis taken. We will
usethe notationk, insteadof k¢ if a Gaussiarfield is used
and k¢ if a log-Gaussiarfield is used. Conditioningon &,
is a well known techniquefrom the mining industry26. In a
well test,thepermeabilityclosesto thewell borewill dominate
the effective permeabilityaroundfrom the well. In a circle
symmetricreservoir k. = k, if w(z) = e I-€- the weight
is inverselyproportionalto the distanceto thewell. Therefore,
thereis a strongcorrelatiorbetweerk,. andk, for thischoiceof
w(z). Theactualcorrelatiorvaluewill, howeverdependnthe
variogramused. The exactcorrelationmustbe found for each
variogramseparately

It is possiblefrom the well testto estimatek. with some
uncertainty Thenk, is estimatedrom the givenestimateof k.
usingthe correlationbetweerk. andk,. If in additionthelog
or core permeabilityin the well &,, is known, this shouldalso
be usedto give animprovedestimatefor k,. Thenthe (log-
)Gaussiariield is conditionedon &, directly withoutincreasing
the computertime significantly Our experienceis that the

uncertaintyin the well test dominatesthe uncertaintyin the
estimateof &, .

Thestrongmodelcorrelatiorbetweertk,, k. andk,, isdemon-
stratedn Fig. 4. Thefigure showsthe distribution for k. given
differentinformation. In the field examplethe expectedoer
meability valueis E[Z] = 1.0, anda sphericalvariogramis
usedwith arangesuchthatthereis a positivecorrelationin the
volumewherew(z) > 0. Without knowingk, andk,, thereis
alargevariationin k.. Thisvariationdecreasesignificantlyby
knowingonly &, = Z(0) andevenmoreby knowingboth k,,
andk, = < Z(0) >. Thefigurealsoshowstwo differentcurves
for distributionof k. givendifferentvaluesof k,,.

Field applications
In the actualfield studieswe haveusedreservoirdatafrom the
Norwegiansectorof the North Sea. Theseinclude well log
dataandpermeabilityresultsfrom a well test. The procedurés
illustratedin Fig. 5.

The input to the modelis, in additionto petrophysicabnd
seismicdata,resultsfrom a well testinterpretation. Fromthe
well testwe estimatethe distancefrom the well to the border
of the channelandthe effective permeabilityfor flow into the
well.

The stochastianodellingconsistsof two stagesfaciesmod-
ellingandpetrophysicamodelling. Firstthechannelsatisfying
the well observationare simulated. Theseare againusedto-
gethemwith permeabilitydatato simulatethe permeabilityfield
in the definedreservoir The permeabilityis input to thereser
voir simulator Upscalingis not necessarpecausehe simula-
tion grid blocksarevery small closeto the well. Ideally, we
will obtainthe sameresultsfrom the reservoirsimulationas
from the well test. However somedifferencemay occursdue
to channebeometrypermeabilityvariations approximationsn
the reservoirsimulator etc. Hence,it may be necessaryvith
1-2iterationsin orderto obtaina satisfactorilymatch.

Thetechniquehasbeentestedon severatasestudies.Oneof
thesds reportedn this paper

In this casestudya syntheticfield databasedon a North Sea
reservoiris used. The dataavailablewerea structuralmap of
the reservoirgiven as a flow simulatorgrid, top and bottom
depthmaps,differentwell measurementsand resultsof well
testsFig. 6 showsthefaciesinterpretatiorin thewell andFig. 7
showsahistogramoverthepermeabilitiesn thechannelsn the
well.

Onerealizationis pickedoutandawell testfor thisrealization
is performed. This realizatonis denotedthe referencecase.
Fromthewell testwe estimatedhedistancdrom thewell to the
nearesthanneboundaryin thereferenceaseo bebetweerb0
and200 meters. The averagechannelwidth is 1000m. A set
of channelsatisfyingtheseobservationandthe directchannel
observationsn the well wereappliedin the simulator A fine
grid of 40x100x 20 blocks was definedwhere eachcell was
givenalabelstatingwhetheiit wasin achannebr not (Fig. 8).
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Usingthewell testinformationandwell log, the permeability
bothin thechannebndin thebackgroundvassimulatedonthis
grid. The permeabilitywas simulatedas a log-Gaussiarfield
with a sphericalvariogramfunctionwith correlationlength of
200metershorizontallyand1 metervertically. In thisteststudy
thepermeabilitytensorwasassumedo beisotropic.

From this fine permeabilitygrid we madea upscalinginto
the original Eclipsegrid of size 39x13x9blocksfor the actual
reservoirandgavethe porosityin thechannelsaconstanwalue
like 0.29.

Thenthe well testwas simulatedundertwo conditions: (1)
Reservoirsimulatedconditionedon well testdataand (2) the
samewithout this conditioning. The rateversustime in these
two casesareshownin Fig. 9 andFig. 10. It is observedhat
underthesameconditionsexceptfor thewell testconditioning,
the spreadof datais smallerwhenbasedon the well testthan
without. The distributionis alsocloserto the referencecase.
Thevariability which is left is believedto be dueto variability
in thedistanceo channeborder(50-200m), heterogeneitiem
permeabilityandnumericaleffects.

Concluding remarks

It is demonstratethow transientpressurewell testdatamay
beusedin astochasticeservoirmodel.

The well test dataimprovesthe stochasticmodelling, and
reduceghevariability.

Theaimis thatthe additionalwork usingwell testdatain the
stochastiomodellingis acceptablesuchthat it will be usedin
ordinaryfield studies. This requiresa further developingand
testingperiodandanimplementatiorin acommerciakoftware
package.
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Nomenclature
k(z) =Permeabilittensorfield. Hereassumedbeingscalar
w(d) =Weightfunctionwhendoingarithmeticor
geometricaverage®f permeability
k& (x) =Arithmeticpermeabilityaverage
ki (z) =Geometriqpermeabilityaverage
k. =Effective permeability
k. =Well permeability

References

1.

10.

11.

12.

13.

14.

15.

16.

Dubrule,O. “A review of StochastidVlodelsfor PetroleumReser
voirs,” 1988Brith. Soc. Res. Geol. Meetingon Quantifications
of SedimentBody Geometriesand Their InternalHeterogeneities,
London,March1988.

. HaldorsenH. andDamsleth E., “Stochastiamodeling,”JPT, (april

1990),pp. 404-412.

. Omre, H. “Stochastic Models for Reservoir Characterization,”

Chapterin: RecentAdvancesin in ImprovedOil RecoveryMeth-
odsfor North SeaQil SandstondReservoirsedsJ. KleppeandsS.
M SkjeevelandNorwegianPetroleunDirectorate 1991.

. Journel,A. G. and Alabert, F. G., “New Methodsfor Reservoir

Modelling,” JPT, (Febr 1990),pp. 212-218.

. DamslethE.andL. Holden“Mixed reservoircharacterizatiometh-

ods,” SPEcentenniapetroleumengineeringsymposiumProceed-
ings, Tulsa,0OklahomaAugust1994.

. Tyler, K. J., Svanes,T., Omdal, S. “FasterHistory Matchingand

Uncertaintyin PredictedProductionProfilesWith StochastidViod-
eling,” 68th Annual TechnicalConferenceand Exhibition of the
Societyof PetroleumEngineersHouston,Texas3-6 Oct. 1993,
SPE26420.

. AbrahamsenpP,, Omre, H. and Lia. O. “StochasticModels for

SeismicDepthconversionandGeologicalHorizons,”SPE23138,
OffshoreEurope AberdeenSept.1991.

. Omre,H., TjelmelandH., Qi, Y. andHinderaker L. “Assessment

of Uncertaintyin the ProductionCharacteristicof a SandStone
Reservoif’ Proc. Niper DOE Third Intern. Res. Char Tech.
Conf., Tulsa,OklahomaNov. 1991.

. Lia, O.,0mre H., TjelmelandH. andHolden,L., “The Greatreser

voir uncertaintystudy- Grus,"in Profitprojectsummaryreports gds
J.Olsen,S. OlaussenT.B. Jensen. H. LandaandL. Hinderaker
NorwegianPetroleunDirectorate 1995,pp 191-206.

Doyen,P.M. “Porosity from SeismicData,” Geophysics53, 1988,
pp. 1263-1275.

Doyen,P. M., PsailaD.E. andStrandeness. “BayesianSequential
Indicator Simulationof ChannelsSandsfrom 3D SeismicDatain
the Osebeg Field, NorwegianNorth Sea,”SPE28382.

D. S. Oliver “Multiple Realizationf the PermeabilityField From
Well TestData,” SPEcentenniapetroleunengineeringymposium,
ProceedingsTulsa,OklahomaAugust1994.

Feitosa,G.S.,Chu, L., Thompsonl.G. andReynolds,A.C. “De-
terminationof PermeabilityDistribution From Well-Test Pressure
Data,” Journalof PetroleumrechnologyJuly 1994,607-615.
Sagar R.K., Kelkar, B.G. and ThompsonL.G. “Reservoir De-
scription by Integrationof Well Test Data and Spatial Statistics,”
68th Annual TechnicalConferencendExhibition of the Societyof
PetroleunEngineersHouston,Texas3-6 Oct. 1993,SPE26420.
DeutschC. V., “ConditioningReservoiModelsto Well TestInfor-
mation,” in Geostatistic§réia’92, edA. Soaresyol. 5, Quantita-
tive GeologyandGeostatisticsKluwer AcademidPublishers1993,
pp505-518.

Rosa,A.J. andHorne, R.N., “ReservoirDescriptionby Well Test
AnalysisUsingCyclic Flow RateVariation”,66thAnnualTechnical



SPE30591

L. HOLDEN, R. MADSEN, A. SKORSTAD, K. A. JAKOBSEN, C. B. TIJLSEN AND S. VIK

a1

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

Conferencaand Exhibition of the Societyof PetroleunEngineers,
Dallas,6-9. Oct. 1991,SPE22698.

Eide,A. L., Holden,L., Reiso,E. andAanonsensS.|. “Automatic
History Matchingby useof Response&urfacesand Experimental
Design,”4th EuropearConferenceon the Mathematicof Oil Re-
coveryRgros Norway, Junel994.

GeogsenF. andOmre,H. “CombiningFibre ProcesseandGaus-
sianRandomFunctiondor Modelling Fluvial Reservoirs,'in Geo-
statisticsTréia’92, ed A. Soaresyol. 5, QuantitativeGeologyand
GeostatisticsKluwer AcademicPublishers1993,pp 425—-440.
Falt, L. M., Henriquez A., Holden,L. andTjelmeland,H., “MO-
HERES, A ProgramSystemfor Simulationof ReservoirArchi-
tectureandProperties,the 6th EuropearlOR-Symposiumin Sta-
vangerNorway, May 1991.

Omre, H., SginaK. and TjelmelandH. “Simulation of random
functionson largelattices”,in Geostatistic3roia’92, edA. Soares,
vol. 5, QuantitativeGeologyand GeostatisticsKluwer Academic
Publishers1993,pp. 179-199.

Damsleth. E., TjglsenC. B., Omre,H. andHaldorsenH.H., “A
Two-StageStochastidvlodel Applied to a North SeaReservoiy”
JPT(April 1992),pp. 402-408.

Munthe,K., Holden,L., Mostad,P. and TownsendC. “Modelling
subseismidaults patternsusing a markedpoint process”,Ecmor
IV, 4th EuropeanConferenceon Mathematicsof Oil Recovery
ProceedingRgros Junel994.

Egeland,T., Geogsen,F, Knarud,R. andOmre,H., “Multi Facies
Modelling of Fluvial Reservoirs,"SPE26502,68th Annual Tech-
nical Conferenceand Exhibition, Houston,Texas,Oct. 1993. pp.
863-872.

MacDonald,A., Ber, J.I., Skare,d., Holden, L. “Conditioning
a StochastidModel of Fluvial ChannelReservoirdJsing Seismic
Data”, Pres.atEAPG, Glagow May-Junel995.

StanleyK. O.,JordeK., ReestadN.,andStockbridgeC.R “Stochas-
tic Modellingof ReservoilSandBodiesfor Inputto ReservoilSimu-
lation, SnorreField, NorthernNorth SeaNorway;” in North Sea0il
andGasReservoirs— I, edsA. T. Buller, E. Berg, O. Hjelmeland,
J.Kleppe,O. TorseeterandJ. O. Aasen,Graham& Trotman,1989
pp. 91-101.

Journel A. G. andHuijbregtsC. J.,", “Mining Geostatistics”Aca-
demicPress]1978.

Pardo-IgizquizaE. and M. Chica-Olmo,“The Fourier Integral
Method: An efficient spectralmethodfor simulationof random
fields,” J. of MathematicalGeology vol 25, no. 2,1993,pp. 177-
217.

Figures

Fig. 1. Three channel belts with their main axis projected into a
horizontal plane. Each channel belt consists of several channels.

WELLNAME-1
WELLNAME-2

Fig. 2. One channel with two barriers and two crevasses on each
side. Two wells penetrate the two crevasses .
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Fig. 3. Schematic illustration of a channel and relevant well test
information. It is possible for the user to specify a minimum and a
maximum distance from the well to the channel border.
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Fig. 4. The distribution of the effective permeability ke when only
the expected value is fixed and for different values of ko, and k..
Notice that there is a large variation in effective permeability if only
the expected value in known which reduces considerably if either
the point value k., = Z(o) or the average ko = < Z(0) > is known.
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Fig. 5. Flow diagram to match transient pressure well test.
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Fig. 6. Facies interpretation in the well.
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Fig. 8. One realization of channels.
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Fig. 10. Rate versus time for realizations conditioned on well test.




