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Fast and Accurate

Reservoir Modeling:

Genetic Algorithm versus DIRECT Method

Mohsen Ebrahimi,

Abstract—In this paper, two very different optimization
algorithms, Genetic and DIRECT algorithms, are usechistory
match a bottomhole pressure response for a resexithi wellbore
storage and skin with the best possible analyticatiel. No initial
guesses are available for reservoir parametersr@hats show that
the matching process is much faster and more aectoa DIRECT
method in comparison with Genetic algorithm. It fisthermore
concluded that the DIRECT algorithm does not neeg mitial
guesses, whereas Genetic algorithm needs to be fageording to
initial guesses.
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|. INTRODUCTION

Milad M. Rakh

Analytical modeling or automated type curve matghis
entirely different from graphical techniques in tthit uses
nonlinear regression to match the observed data ¢hosen
reservoir model [1]. The matching is achieved bgraling the
values of the unknown reservoir parameters (such
permeability, skin factor, storage -coefficient, tdixce to
boundary, etc.) until the model and the data ficlasely as
possible (in a least squares sense) by minimiZiegsum of
squares of the differences between measured peessud
model pressure. Thus there are significant casésstf which
are interpretable by nonlinear regression but nogtaphical
techniques, such as those that terminated pricggohing the
semi-log straight line [1].

Numerical analysis consists of representing thervesr

D'AGNQSﬂC analysis, manual type curve matchingaround the tested well by suitable grids that carsimulated
analytical modeling, and numerical modeling are thgrougn finite difference or finite element methodsimerical

techniques that are usually used for well testrpreations.
Diagnostic analysis and type curve matching are akled
graphical analysis, which relies heavily on graphidn

graphical analysis, the data and their derivatreegraphically
displayed in both normal and dimensionless forroatdinear
and / or log scales. The most important plots afgdostic
analysis are semi-log and log-log plots of pressesponse
against time. Semi-log analysis is based on thetims and
interpretation of the semi-log straight line resper(infinite
acting radial flow) [1]. Log-log analysis is usuabased on
the interpretations of pressure data and its devivain

wellbore storage, and radial flow regions.

Diagnostic analysis uses only part of the datastorate the
unknown reservoir parameters. Since the early phthe
reservoir response is usually overshadowed by wedlb
storage effects, it is needed to wait until thenité acting
response is reached and that is about 1% log cfaiber [1].
Type curve matching uses this transitional datanalysis as
well. In manual type curve matching the user idbl move
the well test data on a set of predefined type ezinmtil a
match is achieved between the data and the type ctihen it
is possible to calculate parameters such as peititgagkin
factor, and storage coefficient through match p@ajt This
relies heavily on user’s ability to accuratelytfie data to the
type curve.
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modeling usually gives more accurate results forllswe
producing in a heterogeneous reservoir or havingoa-

circular drainage area.Many algorithms have beemldped

to be used in non-linear regression problems, dioty

Newton-Raphson,
Lagrange, and most recently genetic algorithm. Bgenetic
algorithm, all of these techniques need initial spes of
reservoir parameters. Genetic algorithms is a nuetfar
solving both constrained and unconstrained optitigaa
problems that is based on natural selection, tloegss that
drives biological evolution. The problem in usingngtic
algorithm is its sensitivity to tuning. In other wis, the
selection, mutation, and crossover rules must beedufor
different kinds of problems so that the algorithem @ive an
accurate result in a logically short period of tirii@e problem
is that without the knowledge of initial guessesprper
tuning cannot be performed.In this study, an altve
approach for solving least square minimization riespnted,
which will evaluate well test parameters withoutitiah

guesses. The results of the new method, DIvidinGRihgles
(DIRECT), will then be compared with the resultsgeietic
algorithm as one of the best optimization solutioBgnetic
and DIRECT algorithms are briefly described below.

Il. BACKGROUND

The history and description of genetic algorithrm dze
easily found in different books and papers on thigiect. A
detailed description of the DIRECT algorithm canfbend in
[3]. Since a complete review of these topics ididift to

“achieve in this study, only a brief descriptiortled subjects is

given:

as

Gauss, Gauss-Margardt, Gauss-Newton
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A. Genetic Algorithm

The genetic algorithm (GA) is a stochastic optirtioa
algorithm that mimics the process of natural evotutIn a
genetic algorithm, a population of random poss#néutions
evolves toward better solutions. The populatiore siepends
on the nature of the problem, and although it isdoan, it
must cover the entire range of possible soluti@mnetimes,

the solutions may be weighted in areas where optim

solutions are likely to be found.

During each successive generation (iteration), taess
function is used to evaluate the fitness of thestég
population. Fitter solutions are then selected modified to
form a new population. This is performed using efidit
selection functions such as stochastic uniformfoum, shift
linear, roulette, etc.

Modification of the new population or the reprodant of
children from their parents happens through crags-and /
or mutation. The children share many of the charasttcs of
its parents. Crossover combines two individualgyarents, to
form a new individual, or child, for the next geaton.

2517-9950
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Assuming that the unit hypercube with center aliisded
into m hyper-rectangles, a hyper-rectangle j id sai be
potentially optimal if there exists rate-of-changenstank ,
such that equations 1 and 2 are met:

f(c,)-Kd, < f(c)-Kd (1)

&(c,)-Kd, < =&l )
Where fmin is the best function value found up ¢evndi is

the distance from the center point to the vertaed is used

here to protect the algorithm against excessival lbias in the

search.e is a parameter that is used to control the balance

between local and global search and protects theritim

against excessive emphasis on local search [4].

Figure 1 shows pressure drawdown during a constaat-
welltest. The wellbore had a falling liquid/gas erface

PROCEDURE

Mutation functions make small random changes in tH&roughout the drawdown test. Other pertinent date

individuals in the population, which provide gegetiversity
and enable the genetic algorithm to search a brospulgce.
This should allow the algorithm to avoid local nmvd by
preventing the population of chromosomes from beagroo
similar to each other.

This generational process is repeated until a teatitn
condition such as producing a maximum number
generations, or reaching a satisfactory fitneselldor the
population is achieved.

From this brief description it is evident that geoe
algorithm has many parameters to be tuned. Popuoldaize,
crossover function, cross fraction, mutation fumetiselection
function, generations, and many more parameterst ines
tuned for a genetic algorithm to result accuraseilts.

B.DIRECT Algorithm

The DIRECT (Dlviding RECTangles) introduced by Jeone

et al. [3], is an optimization algorithm designedsearch for
global minima of a real valued function over a badun
constrained domain. The two main components of t
DIRECT are its strategy of partitioning the seadcimain, and
the identification of potentially optimal hyper tangles, i.e.,
having potential to contain good solutions. [4].

In DIRECT algorithm, the search domain is firstledato
an n-dimensional unit hyper rectangle. The functi®rthen
evaluated at the center of this hyper rectangleiclwhs
considered potentially optimal. In the next stéyg, function is
evaluated at one-third of the distance from thetereim all
coordinate directions. The DIRECT then moves to riegt
phase of the iteration, and divides the first ptiédly optimal
hyper rectangle. The division procedure is dondrlgcting
in all directions. The trisection is based on tireations with
the smallest function value. This is the first éton of
DIRECT. The second phase of the algorithm is thectien of
potentially optimal hyper rectangles.

presented in Table I. From the diagnostic analyses,
permeability of 10.62 md, a skin factor of 3.39(daa

wellbore storage of 0.01 bbl/psi is obtained. Fégg@rshows
the obtained parameters on the log-log plot.

This paper is an attempt to perform an analyticellysis
without having initial guesses. Both genetic algon and
dPIRECT technique does not require initial guesses lzence
are compared here. The matching process is rungusin
MATLAB. The reason for choosing MATLAB is that is ia
slower language in comparison with other prograngmin
languages and therefore, the run time allocated ef@ch
matching process can be compared more easily. $t aigo
be noted that the genetic algorithm is not tune lamd uses
the default settings in MATLAB

IV. RESULTS ANDDISCUSSION

The plots and results of both genetic algorithm and
DIRECT technique along with their allocated run égnare
H)eresented below. Figure 3 shows the obtained matcan
analytical model to pressure data using genetiorithgn after
37 seconds. Figure 4 shows another data match gsimetic
algorithm. This run takes 45 second and it seemsttte run
takes more time when the skin is negative, or astlehe
algorithm thinks is negative. As can be seen, tlaéches are
quite different because the genetic algorithm useslom
number generators and hence, the algorithm mayrnretu
different results each time it is run. Figure 5 id&p the
obtained match using DIRECT technique after onfgéonds.
The DIRECT technique is not based on random numbers
therefore, it returns the same results whenever itin. The
results of these three matches are shown in tabfedin the
plots and results mentioned in this section, onme aanclude
that the genetic algorithm is very sensitive to thege it is
going to look for the minimum function value. Thiange
needs initial guesses to be specified. On the ottard,
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DIRECT can accurately predict well test resultairelatively
shorter time, which is a crucial enhancement follltest

2517-9950
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TABLE Il
REGRESSION ANALYSIS RESULTS FORDIRECT AND GENETIC ALGORITHM

analysis programs.

ili Storage  Skin Run
Solution Technique MSE Permeability J

V.CONCLUSION

An attempt has been made to match a sample weltlaea

for a reservoir with wellbore storage and skin twlgtical
models without setting any initial guesses for resie

(md) (bbl/psi) Time
Genetic Algorithm  1.7892 9.833 0.009 3.32 36.82
Run 1
Genetic Algorithm  4.1395 6.316 0.007 -0.24 45.08
Run 2
DIRECT 1.5615 10.956 0.011 0.01 6.17

parameters. The obtained match is going to be fabraligh
minimization of least square errors between areditmodel
and pressure response data. Genetic algorithm &aR&EDOI
technique are used to solve the non-linear regressihe
genetic algorithm is already used for analyticaldeling in
some commercial well test analysis programs, bth witial
guesses. DIRECT technique, on the other hand, kasrn
been used for this purpose (to the authors’ knogéed

The results of different runs show that the genaorithm
may give different results, each time it is runisTis because

the genetic algorithm uses random number generators

DIRECT, on the other hand, is not sensitive toed#ht runs
and gives the same results each time. Furtherngeetic
algorithm takes more time for matching an analytivadel,
especially when a negative skin is taken into abarsition. In
contrast, DIRECT can give the match in a relativehprter
time while preserving its accuracy. The DIRECT noetthas
not yet been used for analytical modeling and thaper's
results show the advantages of using this technigue

matching an analytical model to the welltest pressu

response.
TABLE |
REQUIRED PROPERTIES FOR A SAMPLE WELL TEST INTERPRETON
Parameters Units Values
Initial Pressur psig 300¢
Total Compressibility 1/psi 10E-6
Reservoir Thickness ft 56
Flow rate stb/da 50(
Oil Viscosity cp 0.8
Oil Density Ib/cu ft 50
Wellbore Radiu ft 0.2
Oil Formation Volume Factor bbl/stb 1.2
Porosity - 0.2
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Fig. 1 Pressure drawdown in a sample draw-down test
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Fig. 2 Log-log plot of pressure and its derivative versus time

40



Pd, Derivative

Pd, derivative
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Fig. 3 Obtained match using genetic algorithm, first run
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Fig. 4 Obtained match using genetic algorithm, second run
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Fig. 5 Obtained match using DIRECT technique, not run sensitive
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