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ABSTRACT The history matching phase is normally considered
as time-consuming and costly in a reservoir engineering
Numerical models are routinely used today to analyzestudy. This is why a single simulation model is usually
the performance of hydrocarbon reservoirs. However, théuilt to make production forecasts. This approach relies
fit of the historical data has to take into account the ini-on the confidence granted to the simulation model, and
tial geological knowledge to provide physical production implicitly presumes the uniqueness of the solution to the
forecasts, even if reservoir parameters are inherently urreverse problem.

certain over large parts of a field. Sensitivity studies with respect to simulation parame-
This article proposes a methodology to obtain an im-ters can be conducted to try to pinpoint the dispersion of
proved grid representation of the geological parametershe production forecasts. The major sources of uncertainty
and to quantify uncertainties after history matching. Themust therefore be identified to test different models, and
goal is to obtain a physically matched model, taking intoto obtain the corresponding predictions. Unfortunately,
account the a priori knowledge of the reservoir. The pro-this type of simplified approach is not always sufficient to
posed method is based on the gradient method coupleobtain a realistic quantification of the uncertainties.

with an efficient optimization algorithm. Geostatistical methods have made tremendous progress
An objective function defined as an extension of thein recent years and offer some answers to uncertainty fore-
least squares technique is introduced as a history matcltasting. The processing of several equi-probable images
ing criterion. A priori information on the parameters is of a reservoir helps to diminish the production forecasting
integrated through Gaussian probability density functionsuncertainties by incorporating a maximum of data on the
During history matching, a statistical analysis based orgeological model. These methods demand an effort of ba-
the Bayesian formalism provides a posteriori informationsic research to manage and classify the images according
on the parameters with reduced uncertainties. to their extreme behaviours, to incorporate the dynamic
For quantifying the uncertainties on production fore-data in order to constrain the geostatistical simulations,
casts, an algorithm is used to select directly, from all thedr t0 constrain the images a posteriori using an inversion
possible realizations, extreme behaviour models. A proprocesé.
duction forecasting criterion is introduced to constrain the  Also noteworthy is the growing determination of the
model in order to produce extreme forecasts belonging t@il companies to quantify the production forecasting un-

a given probability domain. certainties directly, in order to facilitate economic deci-
sions and to minimize the production risks. Conventional
INTRODUCTION reservoir engineering methods are not always an adequate
answer to this concefr.
History matching method$ are designed for con- The methods proposed here are enhanced by this con-

structing a numerical simulation model that optimally syn-text, and are accordingly aimed as guiding the reservoir

thesizes all the available data, in order to forecast the dyengineer in uncertainty forecasting. The general theoreti-

namic behaviour of a reservoir over its total productioncal framework is based on the Bayesian formalism to pro-

period. The simulation tool is in fact a key factor in draw- pose a consistent and complementary approach to history
ing up the field development plan, and for managing thematching techniques.

available reserves over time.
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BAYESIAN INVERSION APPROACH observations, or measurements, of the continuous physi-
cal quantityO. The measurementsare incorporated by

The Bayesian inversion methotf enables the simula-  constraining the a priori uncertainty model. The Bayes

tion model to be seen in a stochastic form. An a posteriorformula is used to obtain a posterior uncertainty model

uncertainty model is built by integrating all the available translating the conditional probability of obtaining the ge-

data, including the initial geological knowledge and theological model, described by the parametgrsaking into

dynamic production data. This uncertainty model quanti-account the observations The a posteriori probability

fies the predictive quality of the different simulation mod- density function (pdf) can be expressed as follows:

els by associating a probability level with each set of pa-

rameters. The a posteriori uncertainty model can therefore Jole(O =010).fo(0)

be considered as a synthesis of all the available data, both Jelo(0 10 =0) = F(O=o0) (3)

static and dynamic.

The contribution of the Bayesian inversion method forwhere:
the history matching phase has already been demonstrated. fole(O = o | ) is the probability of obtaining obser-
The integration of the static and dynamic data is a satisfacyations knowing the parametefs
tory means of checklng the coherence of thgse data. Since fo(6) is the a priori uncertainty model, and
the parameter space is explored systematically, the vol- _ o )
ume of available information is very large. For instance, f(O = o) is a normalization term to obtain a pdf.
it is possible to identify multiple solutions or to quan- To apply this inversion principle to reservoir engineer-
tify correlations between the parameters. Moreover, théng, the numerical simulator is considered as a mathemat-
initial knowledge of the parameters is memorised duringical function, depending on the, parameterg and on
the matching procedure, thus ensuring minimum deviatiortime ¢, representing the stochastic physical quandity
from physical reality (initial geological model). hence:

To quantify the production uncertainties, an additional 0 =w(0,t) (4)
step is needed to predict the transfer of the models un-
certainties to the production forecasts uncertainties. Th
Bayesian inversion method probabilizes the simulationF
model without a direct quantification of the impact on :
the forecasts. It is nevertheless possible to associate, with
each numerical simulation, the probability of the corre- fole(O =0|0) = fole(w(d,t) =0]0) (5)
sponding model, obtained by Bayesian inversion.

he probability of matching the observations using the
umerical model and knowing the parametérsor the
kelihood function, can then be expressed in the form:

If the measurement errors and the errors associated with
Constraining the initial model the numerical simulation are expressed by a Gaussian
model, described by a covariance operatgr this like-

The principle of Bayesian inversion consists in mod-Iihood function becomes:

ifying an initial geological model by constraining it with
the dynamic production data. The aim is to improve the 1 S
quality of production forecasts by integrating the static ‘01©(@ =219 = Cte'exp{_E(o_O) “o (O_O)} ©
and dynamic data.

The initial geological model, called the a priori model, Where:
is studied in a stochastic form. The reservoir is presumed Cte = {27 det C,}~'/? (7)
to be described by a set of, parameters) with an

associated uncertainty model, described by a probabilitJhis expression directly quantifies the differences between

density functionfe(8). Any probability function can be a given simulation and the measured values in probabilistic
introduced. This a priori probability density function can form. In practice, the co'mplete space of the parameters
be described by mean valugs of the parameters and must be scanned to obtain a pdf. It is therefore necessary

by the standard deviations,. By mean of example, for to produce avery large number of numerical simulations,
a Gaussian uncertainty model, described by a covariancgPrresponding to each set of parametérs
operatorC,, the a priori probability density function can ~ The Bayesian inversion procedure can be summarized
be expressed as follows: as follows: for each set of parametetsthe associated
probability densityfe(6) is increased as the response of
the modelv(8,¢) reaches the observations Hence the
maximum a posteriori probability corresponds to a good
compromise between the integration of the initial geolog-
where: ical knowledge, described bg (¢), and the matching of
Cte = {277 det ()}~ 1/? (2)  production data by the simulator, quantified by the likeli-

The dynamic production data are presumed known for ahOOd functionfoje (O = o [ 0).

discrete set of, observation times. Let be a set ofq,

fo(8) = Cte x exp {—%(/1,9 - Hi)TCe_l(ug - 9)} 1)
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Forecasting production uncertainties PRODUCTION SCENARIO TEST METHOD
The objective is to predict the impact of the uncertain-

ties on production forecasts. Using the Bayesian inversion a complementary approach to history matching meth-
method, each forecast can be associated with the a postgds is therefore needed to characterize the quality of pro-
riori probability of the corresponding model. The analysis duction forecasts and to quantify the uncertainties. The
of the a posteriori model enables confidence intervals t&im here is to predict the extreme behaviours of different
be defined in the parameter space, or to observe the probnodels and to directly quantify the production forecasting

ability associated with given forecasts. This leads to twoyncertainties, by incorporating all the available data.
different methods, as described below:

_ . o ' Stochastic methods can be considered for a detailed
~* The first method consists of defining a confidenceguantitative analysis of the uncertainty domain. This
interval in the parameter space, bounded by a given probcan be achieved by a Monte Carlo approach, wiping out
ab|l|ty Criterion, and to select all the model rea”zationSa |arge number of numerical simulations a”owing the
that are satisfactory to this confidence criterion. The envepropabilization of the production forecasts. The stochastic

IOpe of the simulated forecasts from all these realization%pproach is unfortuna’[e|y often impractica| in reservoir
quantifies an uncertainty margin for a given confidencegngineering, owing to its high cost.

criterion. Attempts can be made to reduce the number of simula-

* The second method is to consider a given time andjons by directly searching the extreme behaviour models,
to observe the probability associated with each realizatiolor a given production forecasting criterion. This avoids
of the model as a function of the production forecasts. Tahe necessity to scan all the domain of possible parameters,
quantify the production uncertainties, the models givingpy selecting combinations of critical parameters.

e.xtreme forecasts for a given probability value are con- The proposed approach is based on the production sce-
sidered. nario test. This method consists of testing different models

The major drawback of this procedure is its prohibitive traducing production forecast hypotheses, by adding new
cost, due to the quantity of simulations required. It isdata to the actual production data. The data added to create
therefore necessary to map the complete parameter spaggenarios represent constraints, and physically correspond
in order to obtain the a posteriori pdf. The search fortg the imposition of a search direction for a new model.

a normed function, by definition a probability density These data can be incorporated in the initial model by

function, demands integration over a sufficiently broagla conventional inversion procedure. For each scenario,

range of parameters to cover the entire uncertainty domai new geological model is obtained, reflecting the con-

For each set of'parameters, a.dlrect simulation is reqUIrelétraints imposed, and a direct numerical simulation gives
to assess the likelihood function.

i _ ' _ ~a new forecast.
: For this reason the procgdure Is often, n practlce,.lym- The scenario test method can thus be used to select
|teq to searchmg for the maximum a posteriori prObabIIIQ./'simulation models corresponding to production forecast
This means setting aside the actual value of the a pOSte”Ogssumptions The probability of each of these models
pdf, in order to Ipcate the optimum given by the param-con pe quantified directly, using the Bayesian inversion
eters values. This search can be conducted automatical ethod, by the a posteriori pdf
by using an appropriate optimization algorithm. ' i

Yet tificati f roducti tainties d d To quantify the production forecasting uncertainties,
ret quantincation ot production uncertainties demandsy, » \,aihoq can be applied to searching for extreme pro-
the input of additional numerical simulations, based on dif-

;  realizati £ th del: the i . q duction scenarios. The management of the uncertainties
erent reaizations of the model. the INVersion procedure,, 5 given future timeé; amounts to selecting, from the
limited to the search for the maximum likelihood can in ef-

fect ai timate of the f ts. without gossible models, the parameters corresponding to a high
lect give an average estimate ot the forecasts, without any,, ,, forecasting criterion. By referring to the Bayesian
information on the variance of these forecasts. A con+

X ormalism, an isoprobability criterion can be defined to
sequental compromise must therefore be found betwee]rilnd these extreme models

the systematic exploration of the uncertainty domain, de- o i i
The application of the scenario test method to find

manding a large number of realizations, and a search for )
xtreme forecasts can be reduced to the solution of two

a unigue model matching the data, but only producing Fxtreme | ) N
unique forecast. optimization problems corresponding to an 'optimistic

. . . scenario and to a 'pessimistic’ scenario.
The aim of the production scenario test metHogro- P
posed in the next Section, is to select different simulation Search for the optimistic scenario: identification of the
models corresponding to given production assumptions. parameters that maximize the production forecasting cri-

This makes it possible to search for the extreme models terion with the best possible respect of the history match-
directly, in order to quantify production uncertainties. ing:



4 Gradient Method and Bayesian Formalism Application to Petrophysical Parameter Characteriz&0MOR V, 1996

Min(Matching Criterion) + Max(Forecasting Criterion) It is strictly equivalent to find the parameters that min-

Lo o fimize the objective functiorF'(6) or to find the parame-
» Search for the pessimistic scenario: minimum value o

. ; o . L ters corresponding to the maximum a posteriori pdf. This
production forecasting criterion compatible with history L ; e
matching: enables use of optimization methods with a probabilistic

interpretation of the results. It must nevertheless be ob-
Min(Matching Criterion) + Min(Forecasting Criterion) served that optimization methods cannot be used to calcu-
A tolerance margin can be set to meet the historylate the constant'ze coefficient, because this demands a

matching criterion, reflecting agreement with the initial complete integration of the parameter space. The different

geological data and with the historical data. If the defi-assessments of the objective functio(?) are in fact only

nition of the matching criterion helps to interpret this tol- useful for comparing relative values of the a posteriori pdf.

erance margin as a probability criterion, the uncertainty

can be quantified from the difference between the extrem@roduction Forecasting Criterion

forecast values, for a given probability criterion. The direct link between the matching criterion and the
The definitions of the history matching and produc- posterior uncertainty model introduces a concept of an ad-

tion forecasting criteria, needed for the application of themissible probability domain for selecting the parameters.

method, are covered in next Section. These criteria are den fact, a given matching criterio,,,. corresponds to

scribed as objective functions, in order to treat the problenthe definition of an isoprobability contour through the fol-

of quantifying uncertainties as one of optimization. Spe-lowing equation:

cific optimization algorithms will be proposed to solve

this problem. F(0) = Fame =

(11)
Telo(0 | O =o0) = Cte.exp (—Fpme)

History Matching Criterion

The aim is to be able to compare different simulation ~ Since the posterior pdf is known, in most cases, to
mode|sy Corresponding to different parameters ChoiceS, lethln a constant Value, it is easier to introduce a relative
quantifying the uncertainties or the predictive quality of posterior probability criterion, compared to a reference
each of these models. The history matching criterionvalue. Let the posterior probability ratigr with respect
quantifies the differences between the observed values ari@ the maximum probabilitye o (0 | O = o) be defined
the results of a simulation. Solving the reverse problemgs follows:
is therefore equivalent to identifying the parameters of the
simulation model to obtain the best possible criterion.

The objective function proposed offers a flexible for-
mulation to account for different terms depending on the, o 6.. is the location of the optimum. The history
type of problem treated: correlated or uncorrelated Me3inatching criterion therefore becomes:
surements, possibly of different types, a priori informa-
tion given by means or correlations between parameters. Frme = F(00) — log (ppr) (13)

A generalization of the weighted least-squares criterion is '

used, by introducing matrix operators in the space of ob- 5 given ppr ratio delimits a minimum probability do-

: _ :
servat|0ns_,1denoted'o ’ anql in the space of parameters, main for selecting the models with the following equa-
denoted(; *. The expression of this objective function -

is the following:

;= f@|o(9 | OIO)
P Toro(be [0 =0)

(12)

Jojo(0]1 O =0) > ppr x fojo(0 | O =0)

F(0) = Fy(0) + Fi6) ®) P < (14)
with:
F,(0) = ]_(0 _ 0)T(jo—1(0 —0) The production uncertainties can be quantified by the
]2 ’ ’ (9) envelope of production forecasts simulated from all the
Fy(0) = 5(,,,9 _ 9)T09_1(u9 —6) realizations of the model belonging to a given probabil-

' _ ' ity domain. The production scenario matching method
By referring the Bayesian formalism, the operatots  enables direct selection, from all these possible realiza-

and(, can hence be interpreted as covariance operatoifons, of the models corresponding to production forecast
describing the uncertainties in the measurement space @ssumptions.

in the parameter space. The link between the Bayesian
formalism and the choice of objective functi@ris clearly
established by the following equations:

To find the extreme production forecasting scenarios,
the search can be limited to models that minimize or
maximize a given production forecast criterion. This
fo1o0(0 1 0 = 0) = Cte.exp {—F(0)} f(.)recas't criterion defir!es the variables analyzed from the
fo(6) = Cy.exp {—Fy(6)} (10) simulation results, which may, for example, be the final
© 1-exp f recovery rate, cumulative oil production, or any other
fole(O=0]0)=Cy.exp{=F,(0)} criterion based on economic considerations.
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The choice of the forecasting criterion determines theOPTIMIZATION TOOL
selection of the models within the probability domain.
This selection therefore depends on the type of defined An optimization tool has been developed to identify
variable and on the observation time(s) of this variablethe optimal parameters in an automatic iterative process.
In particular, different observation times can modify the The principle is to calculate an improved estimation of the
selection of the extreme models. parameters after each simulation, in order to minimize the

Let O; be the stochastic variable concerned by theobjective function. At each iteration, a new simulation is
uncertainty analysis, ang: a set of observations of this run with the new parameters values. The process stops
variable at given production forecasting timgs Note  When a convergence criterion is reached.
that the forecasting criterion may be different from the  The main components of this optimization tool are:
guantities observed for history matching.

The numerical simulation model, matched to the pro-
duction data, gives a preliminary estimatg, of the mean
of the variableO; :

» The ATHOS forward numerical simulator
» The gradient method
» The optimization loop

=wi(l,t 15 The gradient methdd° implemented in a multipur-
2gco = s (oo, 1y) (15) pose reservoir simulator can be used for multiphasic or

wherew; is the function used to calculate the productionmonophasic applications. It enables computation of the
forecasting criterion from the numerical simulation model derivatives of the main production results with respect to

w. To quantify extreme production forecasts, models musthe descriptive parameters of the simulation model. The
be found belonging to the confidence domain that maxi-2vailable parameters are porosities or permeabilities as-
mize or minimize the criterion predicted by simulatiop signed to given reservoirs zones, transmissivities and well

at the given forecasting times. productivity indexes. Multiplying factors can be used
To do this, new data; can be introduced at future for inverting heterogeneous distributions of petrophysical
timest; to distort the production forecasts in the desiregProperties.

direction. These artificial data are new constraints super- Analysis of the gradient values helps to carry out
imposed on the history matching problem. The values ofonventional sensitivity studies effectively, and provides
these constraints, which are initially unknown, must bean interesting aid for the optimal selection of the inversion
adjusted until a minimum or a maximum is obtained atparameter®. The use of gradients considerably enhances
t = t;. The criterion to be minimized can be defined by athe performance of the optimization algorithms and helps
new termF’; included in the objective function definition: to consider matching aid methods or automatic matching

] methods.

Fy = §wf(0f —wys(0,t5))° (16) The reverse modelling tool applies to both his-

_ tory matching and production forecasting applications
where: in an integrated approach.  Different optimization
F; : term of constraint by forecasting criterion, algorithmgé®17/-19 pased on the use of gradients, are pro-

wy : weight coefficients (inverses of variancesog), ~ Posed to solve these problems efficiently:

os : data added at future time(s), « The steepest descent method is well known for its nu-
wy(#,ty) : production forecasts at time(s). merical robustness, and is adapted for starting far from

The proposed formulation has the advantage of re- the solutiorj. The major drawback of this method is a
ducing the quantification of production uncertainties to a large deterioration of the convergence rate as the solu-
matching problem of data including historical data, the a 0N iS approached. o o
priori knowledge, and the data added as constraints. The The Gauss-Newton algorithm is highly efficient in most

objective function including all these constraints is writ- Cases, and approaches a quadratic convergence rate. This
ten as follows: method may unfortunately become unstable in dealing

with a highly non-linear problem or if the initial param-
£(0) = F,(0) + Fo(0) + 15 (6) eters are too different from the optimal solution.
F(8) = ]_(0 —0)'c: o-0)  The Levenberg-Marquardt algorithm is an improvement
2 (17) of the Gauss-Newton method obtained by introducing
a regularization term in the Hessian matrix. A better
numerical stability is obtained and quasi-singular matrix
we(of — wf(g,tf))z problems are avoided.
» The dog-leg method, proposed by Fletcher and Powell,
Optimization methods are proposed in next Section to combines the steepest descent and the Gauss-Newton so-
deal with the problem of minimizing this objective func- |utions efficiently, for obtaining both numerical robust-
tion F(ﬁ) with or without extreme forecasts constraints. ness far from the solution and rapid convergence near
These algorithms are particularly appropriate for minimiz- the solution.
ing a least squares type of objective function.

1 .
5 (e = 0)" Cy (g — 0)

L
2
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SPE1 TEST CASE The initial pressure of the reservoir is 5800 psi. The

bubble point of the oil is 4014.7 psi. The initial water
A synthetic case is defined to validate the proposedsaturation is 12%. The water phase is presumed to be

approaches for history matching and quantifying producimmobile, with a zero relative permeability curve. The

tion uncertainties. A reference simulation model is usedwater/oil and gas/oil capillary pressures are also zero.
to build synthetic data including historical data and geo- e producing well is controlled by a bottom hole
logical knowledge of the reservoir. pressure limited to 4100 psi and a maximum oil flow of
The history matching phase enables the parameters @0,000 bbl/day in surface conditions. The gas injection
the simulation model to be constrained by the dynamiaate is 65,000 Mscft/day with a maximum bottom hole
production data. An optimization algorithm is used to pressure of 8500 psi.
obtain an a posteriori model which matches the production The reference model consists of a>xSDx 15 grid,
data while accounting for the initial geological knowledge. \ith a constant step of 20 ft in the horizontal X and Y
The final phase of the study concerns the productiordirections. Each geological unit is modelled by five cell
forecasting and the quantification of the uncertainties. Theayers of the same thickness, with a lognormal distribu-
scenario test method is evaluated for finding extreme foretion of the permeabilities (parameters;,,, K.iq and
casts for a given future time. The uncertainty forecasts aré(,.;). The geostatistical simulation parameters used are
validated by comparison with the reference simulation. listed in Table 1. The inter-layer permeability barriers are
modelled by a lognormal distribution of multiplication fac-
tors of vertical transmissivities (paramete¥s!'Z;,, and

Reference case description : oo\
The synthetic case is an adaptation of the SPE1 casd!TZbot), With the means given in Table 1.

The reference model represents a five-spot configuration
on a 10,000 ft sided reservoir portion. Two wells (gas

Table 1: Distribution of petrophysical properties

injector and producer) are located at the opposite cornefls parameter | log mean | log stand.| parameter
of the reservoir. The injection well is drilled through deviation mean
the entire upper geological layer, and the producing wel K, >3 0.115 200 mD
through the entire lower layer. s : :

The reservoir consists of three horizontal layers forms- Kimid 17 0.085 50 mD
ing distinct geological units (Fig. 1). The permeabilities Kpor 2.7 0.135 500 mD
are distributed heterogeneously in each of these layers:

The interfaces between the layers form two permeabilit MT Z1op -0.194 0.05 0.64
barriers with heterogeneous properties. The other petrq- MT 7, -0.585 0.05 0.26

physical properties are constant throughout the reservoir- ) ) _ ) )
A spherical variogram is used for the three simulations

in each of the layers. The correlation lengths are 1000 ft
for the horizontal directions and 250 ft for the vertical
direction. Note that these correlation lengths are relatively
short in comparison with the inter-well spacing, and that
the permeability contrasts are weak.

The synthetic production data are produced by a nu-
merical simulation using the ATHOS model over a ten-
year period. The production results over the total duration
of the simulation period are shown in Fig. 2 to 4.

The injection well operates in flow rate conditions that
are imposed for the entire simulation, while the producing
well reaches the bottom hole pressure limit from the onset
of the simulation. The gas breakthrough in the producing
well occurs after 1125 days.

The synthetic historical data are defined from the ref-
erence numerical simulation. Only the period preceding
o _ the gas breakthrough time has been selected. The history

Permeability Distribution — Cross Section Producer . . .

i R Top matching therefore concerns this period, and the subse-
@:#_H M:Hd:::u Lever quent period is used as a reference to predict the pro-

H | duction uncertainties. The production results selected as
n I n synthetic measurements are the oil and gas flow rates at
the producing well @,;; and @),,s) and the bottomhole

[ pressure in the injection wellr, ;).
Fig. 1: Reference case description

Permeability Distribution — Bottom Layer

Middle
Layer

Bottom
Layer
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The uncertainties associated with these observed valuésimulation model definition

are represented by a Gaussian model centered on the The geometric data, the geological structure, the fluid
observed values, with standard deviations of 2.5% of eacbroperties and the relative permeabilities are presumed

of these values.

25000
Qoil Reference Case ——
Qoil Synthetic Measurements ~o—
20000
— Historical Data
g 15000
4
=
2
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©
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Fig. 2: Reference simulation: Oil rate
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Fig. 3: Reference simulation: Gas rate
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Fig. 4: Reference simulation: bottomhole pressure at injector

known, and correspond to the data of the reference case.
Uncertain data of the model are the absolute permeabil-
ities, the vertical exchange coefficients between the geo-
logical layers, and the well productivity indexes.

Multiplying factors for the well productivity indexes
(M Pl,,0.¢ and M P1l;,; parameters) are introduced to
translate the uncertainty on the well/reservoir connection.
These parameters also enable to correct for the homoge-
nization of the permeabilities found at the perforations.

The a priori knowledge of the simulation model is
synthesized by a Gaussian uncertainty model, defined by
the data of the means and standard deviations of each
parameter. The parameters are shown in Figure 5 and the
corresponding values are listed in Table 2 below:

Table 2: A priori simulation model parameter

. a priori standard
parameter a priort mean -,
deviation
Kiop 350 mD 100 mD
Kia 50 mD 20 mD
Kot 350 mD 100 mD
MT Zyp 1 0.5
MTZyo 1 0.5
MPI,.q 1 0.5
MPIiy; 1 0.5
Local grid refinement definition Producer
s
s
/s
s
s
/
s
s
/
s
s
/
s
s
s/
s/
s
/s
/
/
/s
/
/
Injector
Aj%inj Parameters definition — Cross section
Riop =
MTZtop &
Krriid m—
ok
MTZbat'
Kbot
MPiprod

Fig. 5: Simulation model and parameters definition
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The simulation model is built with a 2010x 15 grid.  oil flow rate, but is also very clear on the bottom hole
The vertical definition of the reference model has beerpressure of the injection well. The productivity index of
preserved (Figure 5). Since the correlation lengths ar¢he injection well {4/ P1;,; parameter) only affects the
relatively short, uniform petrophysical parameters are usethottom hole pressure.
for each geological unit.

25000

Initially the grid effect is analyzed by comparing the Qoil - nital Run —
simulation results obtained on the coarse grid, using the K aOalakmd -
. . 20000 Ktop.dQoil/dKtop
reference values of the parameters, and the simulation re- MTZbotdQolaMTZbot -
. . . . . p.dQoil op -~
sults on a fine 5850x 15 grid with uniform permeability 15000 v dQoliPIn
distributions. The oil production curves (Figure 6) show _ \\
a non-negligible effect of the grid. S 10000 [ ‘
@ | e—
25000 1 g so00 o
Qoil Fine Grid —— 3 ) ~
Qoil Coarse Grid -----
‘‘‘‘‘‘‘ Qoil Refined Grid ------
20000
-5000
§ 15000 ~ 10000
§ \ 0 500 1000 1500 2000 2500 3000 3500 4000
@ Reference Parameters: Time (days)
< - . . . .
£ 10000 Kiop =200 mp Fig. 7: Oil rate gradients with respect to the parameters
Kbot = 500 mD
MTOZtoy = OTSA
MTZtop = 0.26
MPIprod= 1.00 8000
5000 MPlinj:=-1.00
\\
_. 6000 T
0 0 500 1000 1500 2000 2500 3000 3500 4000 ig; -
Time (days) = Pwf - Initial Run ——
. ) . k) Ktop.dPwf/dKtop -—--
Fig. 6: Grid effect on the oil rate £ 4000 i el
. MTZtop.dPwi/dMTZtop —-
L. . . . g MTZbot dPwH/dMTZbot -~
The grid is refined at the wells to correct this numerical g Piprod.dPwi/dMPIprod -
o MPlinj.dPwf/dMPIinj

effect: the cells corresponding to the well locations are% 2000
replaced by a 55x15 subgrid along the entire height g
of the model (Figure 5). The results obtained with grid g
refinement are close to the results obtained on the fine grid
throughout the simulation (Fig. 6), with a slightly delayed

gas breakthrough time (about 100 days). -2000
0 500 1000 1500 Timzeo((c)jgys) 2500 3000 3500 4000
Sensitivity study by the gradient method Fig. 8: Bottomhole pressure gradients

o . . . . with respect to the parameters
An initial numerical simulation is conducted from the P P

a priori means of the parameters, defined in Table 2. The Kiop, Kpor and M P1,,,q4 are therefore the prominent
gradient method is applied simultaneously, to compare th%arameters and, to a lesser degrég,;; and M PI;,;.
sensitivities of the production forecasts to the parameterghese results reveal the possibility of ignoring the in-
of the model. fluence of the inter-layer liaison parameters for history
The gradients of the oil flow rate and the bottom holematching. However, all seven parameters are preserved
pressure in the injection well are shown in Figures 7 andor the rest of the study, to ensure wider forecast variabil-
8. The gradients are multiplied by the actual value ofity for quantifying uncertainties. It is in fact important to
each parameter, to obtain homogeneous quantities for eadheck whether wide ranges of variations in the parame-
variable. By means of example, the gradient of the bottonters, initially with very little influence, cause fundamental
hole pressure with respect to thé;,, permeability is changes in the dynamic behaviour of the reservoir.
uniform at a pressure, and represents the effect of a 100%
variation in permeability.

The most sensitive parameters are thg, and K, HIStory_MatChmg ) o
permeabilities. In comparison, sensitivity to the perme-  For history matching, the parameters of the a priori
ability of the middle layerk,,;s is much lower. The s_lmulatlon model are constra_lned_ by the dynamic prod_uc-
inter-layer liaisonM T'Z;,, and M T Z,,; parameters have tion daf[a. An 0pt|mal_ m_atchlng is sought_c_orr_espondmg
very little effect on the oil flow rate and on the bottom 0 Maximum a posteriori probability, by minimization of
hole pressure. The effect of the productivity index of the
producing well {4 P1,..,q parameter) is significant on the
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an objective function defined as follows: 30000
1 T 1 25000
F(0) = 50— 0) (7 (0= 0)
1 T ~—1 \ (18) 20000 :
+5 (e —0) g (o = 0) 3 ]
WherE' % 15000
- o f R -
O = {Qui1, Qgus, Puy}, vector formed by the vari- © 10000 Soil -iter. 2
. . . Qoil=iter: 3
ables simulated at the observation times, oo e g
. . Measurements +o—i
o= it Qoas: ng}, vector of historical data mea- 5000
surements,
C, = diagonal matrix whose elements are the variances s pre e . " —
of the values observed, Time (days)
0 = {Kypp, ..., MPI,,q}, vector of the 7 parameter Fig. 9: Oil rate evolution during the optimization
values,

1e = vector of a priori means of the parameters,

'y = diagonal matrix whose elements are the a priori
variances of the parameters.

All the available data are taken into account .,

for the matching criterion F'(6). The first term 25000 Quas - fter. 0 —
(0—0)'C7Y(o—0) corresponds to the search for Ooas fer 5
an optimal match of the historical data. The three *%® MSSSQIE{Z?_l‘éfi
measurements, which are of different types, are matched sso00 casEmen
simultaneously: the oil flow rat€),;, the gas flow rate 3 ., /

. .. . 2 kA
@ 4qs, and the bottom hole pressure in the injection well g E U NPT ,,,,ngfg

25000 [

P, ¢. These measurements are normed by the covariance
operatorC,.

The second term of the objective function  1so0
(o — 0)"C; (s — 6) is used to model the a pri- 10000
ori uncertainty model: the vectdiu, — #) reflects the
difference between a realization of the model, defined by
the parameter8, and the a priori means;. The a priori % 200 400 600 800 1000

variances form the diagonal of the covariance mafiix _ Time (davs) S
Fig. 10: Gas rate evolution during the optimization

20000 P\~

Gas ra

5000

The Fletcher-Powell optimization algorithm is used to
minimize the matching criterior¥’(#) in an automatic
matching process. The choice of this method is a good
compromise between the search for a robust algorithm and
a minimum number of simulations.

The initial parameters correspond to the means of
the a priori model. The convergence of the matching
procedure is obtained in five iterations. The changes in 7500
the simulation results during the iterations are shown in_
Figures 9 to 11, for the oil flow rate (Figure 9), gas & ™|\

flow rate (Figure 10) and the bottomhole pressure of the; 4,

8000

injection well (Figure 11). : 11

A good matching of all the measurements is obtainedé e0ee oWt - fter. 0 —
This result can be checked on a plot of the variation ing s o ter. 2. -
the matching criterion during the iterations (Figure 12).% ﬁﬁgz
Note a sharp decrease in the objective function from the& % Mieasurermients +o=%
two first iterations. The breakdown of the criterion into
different terms (Figure 12) shows the prominent weight
of the a priori model term. The bottom hole pressure in 4000 - p = pos pos o
the injection well is respected perfectly, with a very low Time (days)
residue. In comparison, the residues on the match of the Fig. 11: BHP evolution during the optimization

oil and gas flow rates are slightly higher.
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1000

Scenario test method:
forecasts

The history matching phase has served to identify the
most probable model, as a function of the historical data
available and the initial knowledge of the reservoir. A
direct simulation from this model enables an estimation of
the initial production forecasts over a ten- year period (Fig.
14 to 16). To quantify the uncertainties on these forecasts,
o1 it is necessary to predict the impact of the parameter

- estimation error on a given production forecast criterion.

extreme production

Qoil
Qgas -+--
SR Pwf -
100 apriori..x
total =&~

10

Objective function evolution

0.01

The production forecast criterion examined is the oil
flow rate at the end of simulatiori { = 3652 days). The
scenario test method is used to identify the models giving
extreme forecasts within a confidence domain, bounded
by a minimum a posteriori probability criterion. Note that

. - the probability criterion corresponds to a tolerance on the
Note that these results, which reveal a severe constrain L
S e ... match of the historical data and on the respect of the a
of the a priori model, could lead to questioning the initial

model. It is in fact possible to decrease this constraint b)}onon mof’e'- o - o
increasing the a priori standard deviations on the param- N @ first phase, a minimum probability criterion is

eters, or by recentering the a priori means on the optima$€t corresponding to 10% of the maximum probability,
values. or a ppr ratio of 0.1. From the model corresponding

Visualization of the parameters during the matchingto the optimal r_nz?\tc_hlng the opt|n_1|z_at|on algorlthm_ 'S
conducted to minimize or to maximize the production

process (Figure 13) .ShOWS that the main changes CONrecast criterion, by constraining the model within the
cern the permeabilities of the top and bottom layers

(f(pot, K10p) and the well productivity indexes\{ P 1,,,.,4, confidence domain. ) .
MP1I,,;). The other parameters have practically not var- For €ach of the min/max forecasts, convergence is ob-
ied, and are therefore essentially characterized by the inf@ined in seven iterations. Note that the cost in terms of

tial knowledge, confirming the conclusions of the sensi-the number of simulations could be reduced by decreasing
tivity study. the accuracy required for the compliance with the proba-

bility norm. This makes it possible to limit the number of
iterations to two or three, and to recalculate the probabil-
ity criterion actually obtained.

0.001
0 1 2 3 4 5
Iteration number

Fig. 12: Objective function evolution

600

Ktop —
Kmid --—

500 31300MT§F00;} """ The parameters of the extreme models obtained and
s the corresponding forecasts are shown in Table 3 below:
100.MPlinj -
g ° ~ ) Table 3: Models and extreme forecasts
g : f . . parameter min Qoi optima Max Qoit
£ forecast matching forecast
v Kiop 330.6 mD | 272.1mD | 181.1 mD
100 Kimid 22.9 mD 50.4 mD 51.5 mD
M i Kot 537.7 mD | 531.3 mD | 567.8 mD
T o 1z s 4 s MTZ,s 1.003 0.991 0.911
Fig. 13: Parameters evolution during the optimization MTZ 0 0.966 0.993 1.007
The simulation results obtained over a ten-year periof M PI,,,q 1.260 1.360 1.332
using the_ _opt|mal m(_)del are shown in Figures 14 _to 16 MPI,; 0.660 0.806 1.200
These initial production forecasts are compared with th
reference pumerlcal S|mqlat|on. A ggod match is obtaine Qo 0246 bbl/d | 10246 bbizdl 13136 bbi/d
for the period corresponding to the historical data (0to 911 forecast

days). Over the forecasting period, an error of about 100 ] ]
days may be noted in the forecast of the gas breakthrough The prO(_juctl_on forecasts obtained from th_ese models
time. This error results in an underestimation of the oil&€ shown in Figures 14 to 16. The comparison of the

production (of about 12% at the end of simulation). uncgrtalnty envelope bounde_d by_the rr_1|n/ma>_< forecast
against the reference numerical simulation validates the

results.
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Fig. 14: Oil rate extreme forecasts
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Fig. 15: Gas rate extreme forecasts
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Fig. 16: Bottomhole pressure forecasts
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producing well. On the contrary, the maximum forecast
corresponds to a gas breakthrough time delayed to the
extreme.

In a second phase, the procedure for finding extreme
models can be repeated for different probability criteria.
The forecasts obtained fgmpr = 0.02 are shown from
Fig. 14 to 16. The max. forecast for the oil flow rate
is increased, when the min. forecast is limited by the
breakthrough time. Figure 17 shows the extreme forecast
envelope for a probability ratio varying from 0.02 to 1. In
this way it may be observed that the uncertainty margin
on the production forecasts does not increase significantly
for models with probability lower than 0.05.

1
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Extreme oil rate forecast (bbl/day)
Fig. 17: a posteriori pdf associated
with the extreme oil rate forecasts

This study shows that the probability distribution of a
given production forecast criterion can be evaluated while
considerably economizing CPU time on the model. A
stochastic approach would in fact require a very large
number of numerical simulations to scan the uncertainty
domain with seven parameters or more.

CONCLUSION

The Bayesian approach serves to understand the prob-
lem of history matching by considering the simulation
model in a probabilistic form. The integration of all the
available data, including the historical data and the initial
geological knowledge, enables reduction of the uncertain-
ties and improved characterization of the reservoir.

The methods used to forecast production uncertainties
are complementary to history matching methods. These
methods are aimed at quantifying the impact of the uncer-
tainties of the model parameters on the production fore-
casts. Two types of approach have been compared: the

A significant asymmetry may be observed between th&tochastic approach and the deterministic approach.

minimum forecast and the maximum forecast in compar-

The stochastic approach enables characterization of the

ison with the forecast of the optimal model. The min-ariance of the forecasts by scanning the uncertainty do-
imum production forecast is in fact rapidly bounded by nain hased on a large number of model realizations. This
the last measurement points of the historical data, whichy,nraach is well adapted for the treatment of geostatistical
set a lower limit to the time of gas breakthrough in the mogels. The stochastic approach enables quantification of
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