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Abstract. History matching is the process of calibrating aeevoir model to reproduce the observed data. Reger
parameters are perturbed such the best combinatiarimizes the distance between simulated and obdetata,
such as field pressure, field water and oil ratellwater cut, well bottom hole pressure, etc. Timportant steps of
the history matching are (1) to identify the paraeng that have influence on the performance oféservoir, and (2)
to choose the objective function. This paper ingaests, through an assisted history matching metlugy, the
influence of the parameters and selected objedtimetion in the process. The optimization algoritbsed in the
methodology is based on the parameters discretzatn which a tolerance for the reservoir paramstes defined
instead of a tolerance for the objective functiags,occurs in the derivative-based methods. Regarirthe matching
parameters, the aspects investigated are: the ehoitthe parameters, different grid size settingseld on its
minimum and maximum limits, that is, several diszagion levels are evaluated. Furthermore, thduiefice of the
objective function definition is also evaluated.s&®&s showing important insights in the relationsHietween
parameters space and objective function are present
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1. Introduction

Even with the modern reservoir characterizatiamégues, the available information in a resergbirdy is rarely
sufficient to construct a model that representthfai the reservoir. History matching is an impott@rocess used to
improve reservoir simulation models, in order tproeluce the past behavior of the reservoir. Thed gbthe history
matching is to build reliable models for productifamecasting. It is an iterative process that cstssof successive
changes in the reservoir model and comparisoneosittmulation results with the observed data. Hystoatching is an
inevitable process that is present practicallyhim éntire field life. However, in the initial stagéthe production, when
a few data is available, it is more critical. Theeaer the uncertainties degree on the reservopgrties, and the
greater the scarcity of production data, the graatedifficulties to outline the problem.

For complex cases, history matching is charaadrizy a great amount of control variables: a lotredervoir
uncertain properties, several data series to hestad], such as field and well pressures, well prtvdty, field and well
productions, such as oil rate, water rate, gasatibs, water cut, etc. For such cases, an overaithing stage is very
difficult. It is necessary to divide the processeéveral stages. In each stage, the choice of imgtphrameters and the
definition of the objective function in very impartt.

Besides the difficult intrinsically related to thestory matching process, the amount of taskslieebmakes it more
complicated when manual process, based on triakamd procedures, is used. Thinking in the diffi@ssociated to
the manual process, several automatic history rirgjaimethodology are proposed in the literature.ofndtic history
matching uses an optimization algorithm to find Hest combination of parameters that minimize mgiobjective
function. A set of reservoir properties forms tlaegmeter space and a set of data series formrthet @&f the matching.

In order to use an automatic history matching edoce, the process needs formalizing, quantifyimd) gutting the
target of the matching into mathematical terms ghadbmputer program can deal with. This is callegctive function.
Objective function can be composed not only by potidn and pressure data. Other type of data, sscbeismic-
derived data (as for example fluids saturation mape compose the objective function (Kretz, 20B8sselin, 2003).

Actually, for complex cases, completely automhtg&tory matching is not feasible. Important decisidased on the
experience and based on the knowledge of the dyeradess are required. In this context, it is ma@sonable to think
in a process that uses the advantages of autotasakis, but the main decisions, such as what paeast change and
how to change it, as well as how to compose theatibe function, when stop the process, etc, apamsibility of the
specialist. This procedure is called Assisted Hystdatching. The algorithms applied in Assistedtblig Matching can
be divided in two main categories. The first onbased on gradient methods and the second oneesl lmaly on the
objective function value.



The gradient-based methods (Brun, 2001; Gomez)2@0s0 called local optimization, require the gutation of
the gradients of the solution (pressure in a wedter rate, for example) with respect to the matgitarameters. Some
advantages of this method are: (1) a relativelydarumber of parameter can be evaluated at a {#hér cases where
the topology of the objective function in not vargmplicated, the gradient method have high convergeates. As
disadvantages, one can to mention: (1) implememadifficulties: to take gradient calculation, theethod must be
implemented inside the flux simulator code, thattis necessary to have access to the simulaie.dMioreover, there
is the intrinsic difficulty to implement the metho(®) for complicated objective function, with seaklocal minima,
the search in the parameter space can be locafiped.

The other category of algorithm, also called glaigimization, has the advantage of implementatamility. Since
they require only the objective function value, yoolutput simulations to compute objective functeme necessary.
Examples of global optimization techniques are:lat@nary algorithms (Romero, 2000; Schulze-Rieg2@02), also
called genetic algorithms, and simulated annealibgenes, 1993). Some methodologies combine glatdllecal
optimization (Gomez, 2001; Mantica, 2002). Besithesimplementation facility, another advantagehefse methods is
that they generally work better in problems withrexoomplicated objective function (characterizeddmnal minima).
The disadvantage is that the number of iteratinosease fast with the increase of the number ofimrag parameters.

In this paper, a global optimization (direct séarmethod is used. An Assisted History Matching hodblogy is
utilized in order to evaluate some important stepa history matching process, such as definitibthe objective
function and the choice of the matching parameters.

2. Methodology

The methodology used in this paper is an assisigtbry matching procedure. The parameter spaderised
through the discretization of the reservoir projesrtincluded in the matching process. To minimize bbjective
function, a direct search method is used. The dém@nof the solution space depends on the numbgammeters and
on the discretization level of the parameters. $harch method is performed by successive explgraod linear
search. An initial point pertaining to solution spais selected (point “0” in Fig. 1) and the neigtibg points are
evaluated. Each evaluated point implies in a flurutation. The point of smaller objective functiaefines the
direction of the linear search done subsequentig. doint of the linear search with smaller objezfiynction is used to
a new exploratory search and so on, until a mininsifaunded (point “4” green, in the example).

The algorithm described above was designed faallehenvironment, that is, flux simulations arstdbuted in a
computer network. Therefore, the algorithm perhiapsot optimized for efficiency, in terms of numbatiterations,
but is more robust in parameter space with comigictopology (with several local minima).

AN
NS

¢ —O—O— )

ﬁ_

PARAMETER 2

PARAMETER 1

Figure 1. Schematic representation of the diremtctealgorithm (example for two generic parameters)

The objective function (OF) is defined as follows:
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In the equations aboveps is the observed data, n is the number of obdetata,sim? is the simulation data for

base casesim is the simulation data for modified modelssgtie number of data series, is/the weight for each
data series and j is the number of data series.

3. Application

The reservoir model studied in the present worls \wanerated from Tenth SPE Solution Project - Mdtel
(Christie, 2001). The original model is a reservepresented by 60 x 220 x 85 active simulatiotsc€lor this work,
10 layers (from layer 71 to 80) were extracted franiginal model. Another changing was the numbewells used. In
the original model, 4 producers in the corners andjector in the center were used. In the modeHus this work 6
producers and 5 water injectors wells were defiffdd simulation of the resulting model, composed®Bw 220 x 10
(132000 active cells), originated a synthetic mstf production and pressure data for 3600 days.

To generate the initial model (to be adjusted)ert 10 layers were extracted from another poxtiotine original
model (from layer 11 to 20). This model was upstdte 20 x 44 x 5 simulation cells. To upscale tleogity map,
arithmetic average was used. To upscale horizamédl vertical permeability maps, the DP method, psed by
Maschio and Schiozer (2003) was employed. The ddnweells, in the same positions, were used in tagse model.

In Fig. 2 is shown three-dimensional porosity magsfine grid model used to generate the histayand for the
initial (base) model.

(b)
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Figure 2. Three-dimensional porosity map of the eheded to generate the history (a) and base nibpel

4. Matching procedures

Firstly, in order to evaluate the influence of thigective function composition, two matching preseaising four
entire field parameters were carried out. The niatcharameters were: rock compressibility, betw2@69x10° and
1.233x10%; porosity multipliers, between 0.6 and 1.4; honizd and vertical permeability multipliers, betwe@@5 and
2.5. For all parameters, 10 intervals equally spametween minimum and maximum values were usedhdrfirst
matching process (Match 1), the objective functieas composed by bottom-hole pressure and wateofcilite six
producer wells, that is, 12 data series were usddrin the objective function. In the second matghprocess (Match
2), only well pressure data series were includetiénobjective function.

After well pressure matching, two others matchpngcesses were performed in order to match produels water
cut. One of them was using horizontal permeabdftyhe 5 layers, with 11 multipliers (10 intervalgtween 0.25 and
2.5 (Match 3), and the other was using verticai@bility, also for the 5 layers, with the sameapagters bounds and
numbers of intervals (Match 4). Three derived pssdeom Match 3 (Match 3-b, 3-c and 3-d) were alsdormed with
the objective to test different discretization aliiflerent bounds of the parameters.

The analysis of the results showed that two wed#ise not adjusted yet, PROD3 and PRODA4. Thereforegional
match was necessary for these wells (Match 5). Teggons around the wells were defined and the pebitiges

(horizontal and vertical) were again included ascimag parameters. In Tab. 1 is a summary of thiehiag processes
carried out.



Table 1. Description of the history matching presss

Process Parameters Domain Objecgve
Function
CPOR POR PERMI| PERMH}
1 Min. 2.07x10° 0.6 0.25 0.25 Field BHP + WCUT
Max. 1.20x10° 1.4 2.5 2.5 (6 wells)*
Intervals 10 10 10 10
2 Similar to Process 1 Field BHP (6 wellg)
PERMI (5 parameters)
3 a Min. Max. Intervals Layers (\évv(i;;)
0.25 2.5 10
PERMI (5 parameters)
3_b Min. Max. Intervals Layers (\évv(i;;)
0.5 1.5 10
PERMI (5 parameters)
3_¢c Min. Max. Intervals Layers (\é\/v(i;;g)
0.25 2.5 5
PERMI
EM |rzsad PR
3 d 4 Layers WCUT
- Min. 1.25 0.575 0.35 (6 wells)
Max. 3.0 1.725 1.05
Intervals 7 10 10
PERMK (5 parameters
4 Min. { pMax. ) Intervals Layers weuT
(6 wells)
0.25 2.5 10
PERMI PERMK WCUT
5 Min. Max. | Intervals Min. Max. | Intervald Region (PRODS3,
0.5 1.5 10 0.5 15 10 PROD4)

* Producer wells
5. Results and Discussion

In Fig. 3, is presented a comparison of the objedunction evolution for Match 1 and Match 2. &y, it is
possible to observe that the process using welt®inehole pressure and water cut do not converge. maximum
reduction of the objective function was 20 % a#tpproximately 50 simulations. On the other hand réduction of the
objective function for Match 2 was practically 95wWith only 31 simulations. Figure 3-b shows thelation of the
objective function for Match 3_a, 3_b, 3 ¢ and 3Miétch 3_a and 3_b are the cases where the bodinisameters
are different, but the discretization level is Hzame. It can be seen that for the case with nelaoesids, and therefore,
lower parameter variation between two consecutiwdes, the process took more simulations and reaitteedame
objective function reduction level (76 %). Matchc3s the process where 5 intervals for each paemetre defined.
The number of simulation for this process was @8y while for Match 3_a the number of simulationsv@ and
Match 3_b took 116 simulations. Match 3_c¢ redudes dbjective function to a level similar to Matcha3and 3_b,
using much less simulations.

It is noted that in the Match 3_c and 3_d, theveogence is much faster than Match 3_a and 3_bMadch 3_d,
the behavior of the objective function is similarMatch 3_c. For all process, the reduction ofdhgective function
reached the limit of approximately 75 %. One caseoe that processes 3_c and 3_d had advantag@moess 3_a
or 3_b, because converged faster, using less dionla

In Fig. 4 are matching results for producers PRGDA PROD4 before regional match. It can be obsetivat
global and layers matching processes were notcgeiifi to adjust all wells.

Table 2 summarizes all presented matching prdoetesms of final reduction of objective functiondanumber of
simulations. In this table, the total number of siations do not represents the total effort of allematching process.
Some process was repeated with different optiorwrder to show the influence of different parameted objective
function configuration. The final match and the gamson with the two initial match processes amwshin Fig. 5.
For the period of 3600 days, no water is producetié producer PRODG6. Therefore, this well wasshowved.
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Figure 3. Evolution of the objective for Match 1davatch 2 (a) and Match 3 (b)
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Table 2. Summary of the history matching processes
Process 1 2 3 a 3 b 3 cC 3 d 4 5
Simulations 50 31 99 116 29 35 71 41
OF Reduction (%) 28 92 76 76 72 75 22 71
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Figure 5. Comparison of two initial matching prazesd final match results for water cut producez)(and average
field pressure (f)

6. Conclusions

History matching is a complex process that reguihe experience of the specialist. In order tdireithe problem,
a good knowledge of the analyzed reservoir modeieisessary. This work showed that several importantrol
variables influence the process. The correct paemspace definition and the composition of thesotiye function are
important and decisive procedures. The results sddwat is very difficult to get match in a unicgtep. It was shown
that is necessary to solve the problem in seveegss In each step, the parameter space, the ddmavhich the
parameters will be defined and the objective funrctnust be correctly selected.
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