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Abstract
Theaimof thestudyis to conditionstochasticgeneratedrealiza-
tionson well testdatain orderto improvesimulationof facies
andpetrophysicsin fluvial reservoirs.First we haveusedthe
pressuredatato estimatetheshortestdistancefrom thewell to
a possiblechannelboundaryandtherebysimulatethe channel
structures.Thewell testalsoprovidesthepermeabilityaverage
in thepartof thechannelintersectedby thewell. Togetherwith
core/logdataandgeneralknowledgeof thereservoirthis have
beenusedto simulatepermeability. Thesepermeabilityrealiza-
tionsis input to a numericalflow simulatorandcomparedwith
experimentalresultsof thewell test.

Introduction
Lack of relevantdatais often a hindranceto properreservoir
management,particularly for offshore reservoirsat an early
stage. Therefore,it is importantto useall the availabledata
to their full extent.Thereis still a considerableuncertaintythat
shouldbequantified.

By usingastochasticapproachit ispossibleto includevarious
typesof dataandto quantify theuncertainty. It is importantto
havean efficient algorithmfor generatingdifferentstochastic
realizations. The algorithm shouldbe compatiblewith other
softwareprograms,which areusedin reservoirevaluation. In
this paperit is demonstratedhow information from transient

pressurewell testmaybeusedin anexistingcommercialsoft-
warepackage,andhow this improvesthereservoirdescription
and history matchingand therebyreducesuncertaintyin the
results.

Stochasticmodelling principles have becomeincreasingly
popularandmanycompaniesbasetheir reservoirmanagement
on resultsfrom stochasticmodels.Severaltechniquesarecur-
rently available

�����
. The focusis still on heterogeneitymod-

elling, i.e. generatingoneor a few realizationswhich satisfies
a geologicalinterpretationanda set of specifieddata. There
is, however, a growinguseof stochasticmodelsalsoin history
matching

�
andquantificationof uncertaintyboth of volumes�

and production
�	� 


. Quantificationof uncertaintyrequires
a quantificationof the geologicaland geophysicalinterpreta-
tion, specificationof the distributions of the most important
parametersin thestochasticmodel,andmanyrealizationsof the
stochasticmodel.

Typically, the following data are used: well observations,
spatial distributions of facies and petrophysics,and seismic
horizons. Therehasbeenan increaseduseof seismicdatafor
bothfaciesandpetrophysicalmodelling

���
�����
. Most stochastic

modelsmay easily includeseismicdata. The crucial point is
thecorrelationbetweentheseismicandpetrophysicalvariables.
Thecorrelationis probablysignificantin manyreservoirs,

���
�����
but is difficult to estimate.In additiontherearesometechnical
challengesrelatedto thedifferencein scalebetweentheseismic
andpetrophysicaldata.

This paperreportsour experiencein including the use of
well test data in a stochasticreservoirmodel. Our aim is
to use all availabledata in the reservoirmodelling. Within
theNorwegianpetroleumresearchcommunitytherearesimilar
projectsfocusingonseismicdata,productiondata,well logsetc.
Thesamesoftwaretoolsareusedin thedifferentprojectssuch
thatit is possibleto useall theinformationin thesameproject.
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Well test data
Therehasbeenanintensivedevelopmentin theuseof well test
data

���
�����
. Oneapproachis to useanalyticaltoolsto estimate

pressuresupportand from that infer propertieslike distance
to faults, permeabilityheight product, channelgeometryetc.
This approachhasthe advantagethat it usually givesa good
interpretationof the well test. Sinceanalyticaltools areused,
numericalproblemsdueto largepressuregradientsclosetowells
areavoided.

An evenmorechallengingtaskis to estimatethepermeability
in alargenumberof grid blockssurroundingthewell. Thereare
somepromisingresults.This approachis, however, believedto
bemoresensitiveto noisein data,andauniqueinterpretationis
unlikely.

A third approachis usedin this paperafteranevaluationof
boththecharacteristicsof thedifferenttechniquestogetherwith
somepracticalconsiderations.The informationfrom the well
testsshouldbecombinedwith otheravailableinformationlike
well logs,seismic,andgeologicalinterpretation.It is important
to combinewith other softwaretools usedin the project like
stochasticsimulationsoftware,mappingpackageandreservoir
simulator. This proceduredependson the availablesoftware
andexperiencein theactualproject. In thisapproachanalytical
andnumericalwell testtools areusedin orderto interpretthe
well testandestimatee.g.distanceto flow bordersandeffective
permeabilitiescloseto thewell. Thestochasticgeneratedreal-
izationsarethenconditionedontheseinterpretations.Reservoir
simulationsareusedto confirmthattherealizationssatisfiesthe
well test. In somecasesit is, however, necessarywith some
adjustmentsin theparameters.

The most intuitive methodto combinewell test data with
stochasticgenerationof reservoirsis to generatea sufficient
numberof stochasticrealizations.Thenthe realizationwhich
bestfits thedatais chosen.This requiresanenormousamount
of computingpower. Alternatively, somekey parametersmay
be estimatedfrom the tests,andkept fixed in the simulations.
This reducesthe needfor computingpowerconsiderably. Ex-
perimentaldesigntechniquesmaybeusedwhencombinations
of severalparametersvaluesarenecessaryin order to obtain
matchof thewell test

� �
.

In this paperwe proposetechniquesusingwell testdatain a
largestochasticmodelwithoutincreasingthecomputingrequire-
mentssignificantly. Thisrequiresthatthewell testis interpreted
andsomemodelparametersareestimated.

Informationfromwell testsmaybethedistanceto faults,con-
nectionbetweentwowellsbyahighpermeablezone,distanceto
thenearestborderof achannelpenetratedbyawell, andaverage
permeabilityor possiblya permeability-thicknessproduct(

���
)

in a zone.Theinterpretationmayincludeuncertainties,e.g.the
distanceto the borderof the channelis between200 and300
m, or thereis a30percentprobabilityfor a fault and70percent
probability for a borderof the channel. This interpretedwell
test informationwith uncertaintyin the parameters,shouldbe
includedin the stochasticmodel. In this paperthe stochastic

modelfor channelgeometryis a markedpoint process
���

, and
is a Gaussianmodel

��

� ���
for thepermeability. This is a typical

two stagemodel
�
�

. Thewell testanalysismaygivedistanceto
the boundariesof a fluvial channelandpermeability-thickness
productin thechannelcloseto thewell. For a fluvial modelit
haspreviouslybeenreportedhowto usetheinformationthatthe
samechannelis observedin differentwells

���
. Thesametech-

niquewhich is presentedheremaybeappliedto themodelling
of faultspresentedby Muntheet al.

���
wherethe interpretation

of thewell testmaybethedistancefromthewell toasubseismic
fault.

Stochastic model
In thissectionwewill givea shortdescriptionof thefaciesand
petrophysicalmodel.

Facies model. Thefaciesmodelis basedonamarkedpointpro-
cessmodellingpermeablechannelsin a low permeablematrix.
Themodelhasbeenpresentedearlierin separatepapers

���	� ���
. It

is focusedon thegeometryof thechannels,becausethegeom-
etry of thechannelsarebetterunderstoodthanthegeometryof
thebackgroundfacies.In themodela channelbelt is a separate
objectwhichconsistsof severalseparatechannels(Fig. 1)

Each channelconsistsof a main channel,crevassesplays
connectedto thechannel,andbarriersinsidethemainchannel
(Fig. 2)

Eachchannelanditsassociatedcrevassesaredescribedbysev-
eral1D correlatedGaussianfieldsrelativeto a mainaxis. The
barriersareassumedto beellipsoids.Thereis a largenumberof
parametersin themodelincludingnet-to-grossratio, direction
of channels,numberof channelsin eachchannelbelt, number
of crevassesperchannel,dimensionsof eachchannel,andin-
tensityof barriers.All thedifferentparametersarespecifiedas
distributions. In themodelit is possibleto conditionona large
numberof wells. It is possibleto specifytheprobabilitythatthe
samechannelis observedin differentwells or the probability
canbe calculatedbasedon the otherparametersin the model.
Onecanalsocombinegeometricinformationinterpretedby the
modelandadditionalinformationfrom e.g.well test,detailed
well logsetc. Thetypeof modelhasbeenusedin severallarge
field studies



� ���
.

Themodelhasbeenextendedto allow eachwell observation
in a channelto includetheinformationof thedistancefrom the
well to thenearestborderof thechannel(Fig. 3)

If thechannelwidth is 1000m,andnoadditionalinformation
is available,the distancefrom the well to the borderof the
channelis uniformly distributedbetween0 and 500 m. The
programis extendedsuchthat it is possibleto conditionon the
distancebeinge.g.between100mand200m,orafixeddistance.

Thedirectionof thechannelis foundby thestochasticmodel
as a trade off betweenthe different parameters,mainly the
distribution for thedirectionof channelbelts(specifiedby the
user)andthewell observations.
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Thismodelhasalsobeenextendedin ordertouseseismicdata���
. The seismicinput is a 3D grid of impedanceor amplitude

valuesanda conditionalprobabilityfunctionfor channelsand-
stonegiventheseismicvariable.A Bayesiantechniqueis used
in orderto conditiononthepositionandsizeof thechanneland
channelbelt.

Petrophysical model. The permeabilityis modeledasa log-
Gaussianfield

��

. Thepermeabilityhasdifferentdistributions

in the four facies: channel,barrier, crevasse,andmatrix. The
permeabilityis typically high in thechannels,mediumto poor
in the crevassesandpoor to very poor in the matrix andbar-
riers. It is well known

���
how to conditionon (log-)Gaussian

fields in points, or how to generatecorrelatedfields for e.g.
permeability, watersaturation,andporosity. We usuallysim-
ulate Gaussianfields using a sequentialsimulationalgorithm
describedin Ref. 20, but thereare also other fast simulation
algorithms,seeRef.27.

From a well test the effective permeability
���

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 test using
a simpleflow model. Sinceit is difficult to conditiondirectly
on this simpleflow model,a relativetime consumingiterative
schemewas proposed. A Gaussianmodel, however, may be
conditionedby usinga weightedarithmeticaverage

������  �"!�#%$�&'!�(*)+#%$�,-#/.0.1.
.1.0.	.0.	.0.	.0.0.	.0.1.
.1.0.	.0.0.	.0.	.0.	.
(1)

anda log-Gaussianfield by usingaweightedgeometricaverage

�-2�3� !  � ��� !�#%$�&'!�(*)4#5$�,-#%$ �6� .0.1.
.1.0.
.1.0.	.0.	.0.	.0.0.	.0.1.
.
(2)

Thussimpletechniqueswouldnot increasethecomputingtime
considerably. The function

&
satisfies 7 &3!�("$�,-( �98 , and

determinesthe volume wherethe averageis taken. We will
usethe notation

� � insteadof
� �� if a Gaussianfield is used

and
� 2� if a log-Gaussianfield is used. Conditioningon

� �
is a well known techniquefrom the mining industry

���
. In a

well test,thepermeabilityclosestto thewell borewill dominate
the effective permeabilityaroundfrom the well. In a circle
symmetricreservoir,

� � � � � if
&3!�(:$ � ;<�=5< , i.e. the weight

is inverselyproportionalto thedistanceto thewell. Therefore,
thereis astrongcorrelationbetween

�-�
and

� � for thischoiceof&'!�("$
. Theactualcorrelationvaluewill, however, dependonthe

variogramused. Theexactcorrelationmustbe foundfor each
variogramseparately.

It is possiblefrom the well test to estimate
�-�

with some
uncertainty. Then

� � is estimatedfrom thegivenestimateof
�-�

usingthecorrelationbetween
�-�

and
� � . If in additionthe log

or corepermeabilityin the well
�5>

is known, this shouldalso
be usedto give an improvedestimatefor

� � . Then the (log-
)Gaussianfield is conditionedon

� � directlywithout increasing
the computertime significantly. Our experienceis that the

uncertaintyin the well test dominatesthe uncertaintyin the
estimateof

� � .
Thestrongmodelcorrelationbetween

� � , � � and
� >

isdemon-
stratedin Fig. 4. Thefigureshowsthedistribution for

�-�
given

different information. In the field examplethe expectedper-
meability value is ?A@�BDC �E8 .�F , and a sphericalvariogramis
usedwith a rangesuchthatthereis a positivecorrelationin the
volumewhere

&3!�("$HGIF
. Without knowing

� � and
�5>

thereis
a largevariationin

�-�
. Thisvariationdecreasessignificantlyby

knowingonly
� > � B !�F%$ andevenmoreby knowingboth

� >
and

� � �KJ B !�F%$LG . Thefigurealsoshowstwo differentcurves
for distributionof

� �
givendifferentvaluesof

� � .
Field applications
In theactualfield studieswe haveusedreservoirdatafrom the
Norwegiansectorof the North Sea. Theseinclude well log
dataandpermeabilityresultsfrom a well test.Theprocedureis
illustratedin Fig. 5.

The input to the model is, in addition to petrophysicaland
seismicdata,resultsfrom a well test interpretation.From the
well testwe estimatethe distancefrom the well to the border
of thechannel,andtheeffectivepermeabilityfor flow into the
well.

Thestochasticmodellingconsistsof two stages;faciesmod-
ellingandpetrophysicalmodelling.Firstthechannelssatisfying
the well observationsaresimulated. Theseareagainusedto-
getherwith permeabilitydatato simulatethepermeabilityfield
in thedefinedreservoir. Thepermeabilityis input to thereser-
voir simulator. Upscalingis not necessarybecausethesimula-
tion grid blocksarevery small closeto the well. Ideally, we
will obtain the sameresultsfrom the reservoirsimulationas
from the well test. However, somedifferencemayoccursdue
tochannelgeometry, permeabilityvariations,approximationsin
the reservoirsimulator, etc. Hence,it may be necessarywith
1-2 iterationsin orderto obtaina satisfactorilymatch.

Thetechniquehasbeentestedonseveralcasestudies.Oneof
theseis reportedin thispaper.

In this casestudya syntheticfield databasedon a North Sea
reservoiris used. The dataavailablewerea structuralmapof
the reservoirgiven as a flow simulatorgrid, top and bottom
depthmaps,differentwell measurements,and resultsof well
tests.Fig. 6 showsthefaciesinterpretationin thewell andFig. 7
showsahistogramoverthepermeabilitiesin thechannelsin the
well.

Onerealizationispickedoutandawell testfor thisrealization
is performed. This realizatonis denotedthe referencecase.
Fromthewell testweestimatedthedistancefromthewell to the
nearestchannelboundaryin thereferencecaseto bebetween50
and200meters.The averagechannelwidth is 1000m. A set
of channelssatisfyingtheseobservationsandthedirectchannel
observationsin the well wereappliedin the simulator. A fine
grid of 40 M 100M 20 blocks was definedwhereeachcell was
givenalabelstatingwhetherit wasin achannelor not (Fig. 8 ).
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Usingthewell testinformationandwell log, thepermeability
bothin thechannelandin thebackgroundwassimulatedonthis
grid. The permeabilitywassimulatedasa log-Gaussianfield
with a sphericalvariogramfunctionwith correlationlengthof
200metershorizontallyand1 metervertically. In thisteststudy
thepermeabilitytensorwasassumedto beisotropic.

From this fine permeabilitygrid we madea upscalinginto
the original Eclipsegrid of size39x13x9blocksfor the actual
reservoirandgavetheporosityin thechannelsaconstantvalue
like 0.29.

Thenthe well testwassimulatedundertwo conditions: (1)
Reservoirsimulatedconditionedon well testdataand(2) the
samewithout this conditioning. The rateversustime in these
two casesareshownin Fig. 9 andFig. 10. It is observedthat
underthesameconditionsexceptfor thewell testconditioning,
the spreadof datais smallerwhenbasedon the well test than
without. The distribution is alsocloserto the referencecase.
Thevariability which is left is believedto bedueto variability
in thedistanceto channelborder(50-200m), heterogeneitiesin
permeabilityandnumericaleffects.

Concluding remarks

It is demonstratedhow transientpressurewell testdatamay
beusedin astochasticreservoirmodel.

The well test data improvesthe stochasticmodelling, and
reducesthevariability.

Theaim is thattheadditionalwork usingwell testdatain the
stochasticmodellingis acceptablesuchthat it will be usedin
ordinaryfield studies. This requiresa further developingand
testingperiodandanimplementationin a commercialsoftware
package.
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Nomenclature�"!�(:$
=Permeabilitytensorfield. Hereassumedbeingscalar&'!�,-$
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geometricaveragesof permeability� �� !�(:$ =Arithmeticpermeabilityaverage� 2� !�(:$ =Geometricpermeabilityaverage� �

=Effectivepermeability� >
=Well permeability
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Figures

Fig. 1. Three channel belts with their main axis projected into a

horizontal plane. Each channel belt consists of several channels.
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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 N5O when only
the expected value is fixed and for different values of N5P and N%Q .
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 N QSRUTHVXWZY or the average N P3R\[DTHVXWZY	] is known.
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Fig. 5. Flow diagram to match transient pressure well test.

 

 

 

 

 

 

 

 

 

 

 

 Zone 1 2264.14

^0^0_0_Z` a
^0^0_0bZ` a
^0^0c0aZ` a
^0^0c0^Z` a
^0^0c0dZ` a
^0^0c0_Z` a
^0^0c0bZ` a
^0^0b0aZ` a

e"f�g*h�ikj

lnm�oqprptsvu

lnm�oqprptsvu

lnm�oqprptsvu

Fig. 6. Facies interpretation in the well.



SPE30591 L. HOLDEN, R. MADSEN, A. SKORSTAD, K. A. JAKOBSEN, C. B. TJØLSEN AND S. VIK 7

F
re

q
u

e
n

c
y

w

Variable

0. 200. 400. 600. 800. 1000.

.000

.040

.080

.120

.160 Number of Data 70

mean 341.5830
std. dev. 215.5182

coef. of var .6309

maximum 918.2550
upper quartile 425.6199

median 297.8545
lower quartile 174.3260

minimum 1.0418

Fig. 7. Histogram over the permeabilities in the channels in the

well.

Fig. 8. One realization of channels. The well is indicated by the

white circle.

1 10 100 1000
1

10

100

1000

10000

Time (Hour)

R
a
te

 (
S

m
3
/d

)

Realisation 1

Realisation 2

Realisation 3

Realisation 4

Realisation 5

Reference Case

Rate vs Time
Logarithmic Scale

Not conditioned on Welltest-data

Fig. 9. Rate versus time for realizations not conditioned on well

test.

1 10 100 1000
1

10

100

1000

10000

Time (Hour)

R
a
te

 (
S

m
3
/d

)

Realisation 1

Realisation 2

Realisation 3

Realisation 4

Realisation 5

Reference Case

Rate vs Time
Logarithmic Scale

Conditioned on Welltest-data

Fig. 10. Rate versus time for realizations conditioned on well test.


