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Abstract

In this paper, the latest approaches for automated history matching (AHM) were applied to a real brown field
having 14 active wells with multiple responses (production rate, bottom hole pressure and well block
pressure) located in the south of Iran. A modified support vector machine was employed to create a proxy model
incorporated based on design of experimental. Thereafter, all model parameters were adjusted to reproduce the
observed history within the created proxy model. Accordingly, the proposed proxy model was successfully
constructed using 1086 samples based on an R?coefficient ofabout 0.9 for the trained and test dataset. Finally, the process
was optimized by two main algorithms to reach the best solutions, which are genetic and particle swarm optimization.
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1. Introduction

Scenario planning and production strategies for oil
and gas reservoirs are highly dependent on the accu-
racy of the dynamic reservoir model and definite ini-
tial properties. History matching is one of the main
important tasks in reservoir studies. Study evaluation
and quality check of reservoir parameters depend on
how fast and accurate history matching is done. In re-
cent decades, compared with manual history matching,
some techniques are introduced to achieve automat-
ic matching, which is very advantageous. A study of
methodologies for assisted history matching was done
by Arief (2013). In this paper, the newest algorithms
for proxy modeling were used for automated history
matching.

The main components of automatic history matching
are identification of uncertain reservoir parameters to be
history matched, a definition of a suitable objective
function, and a selection of a suitable optimization
technique. There are some techniques (e.g.experimental
designs) that can be used for parameter screening and
sampling. After screening and selection of parameters
(based on experience and sensitivity analysis), the ob-
tained results are used as input to build a reliable proxy
model.One of the main categories in the experimental
design is the central composite design (CCD) (Ar-
ief, 2013; Bhark & Dehghani, 2014; Arwini &
Stephen, 2011). Cubic centered face (CCF) is a type of
the CCD which is acceptable with the principle of this
study because of its coverage of all points and spaces.
Regarding the acceptable results of the support
vector machine (SVM) in function estimation
(such as a proxy model), the appliance of this
algorithm can be used in the field of oil and gas reservoir
modeling (Suykens et al., 2002; Ahmadi & Bahadori,
2015).In this paper, a proxy model is introduced for re-
ducing the run time of history matching and speed up

the reservoir study. The acceptable outcomes of the
presented optimized proxy model were applied in one of oil
TeServoirs.

2. Least square support vector machine (LS-SVM)

LSSVM is a modified support vector machine which
maps nonlinear problems into multi-dimensional aspect
space and solves the problem by decomposition into
summations of some kernel functions. A simple format
of a relationship which is used in LSSVM follows in
Equation 1:

yx) =wlep()+b, (D

where the function ¢(x) takes the parameters into a high
dimensional space to reduce the complexity and speed up
the process, b is the bias value and w is a weight vector
with similar dimension with the defined space dimension.
The main LSSVM function results in

Y = T aexp (—MEEE) 4 @

where x and x. are vectors of size p (number of parame-
ters) and ||(x — x)II? = P _, (e — x10)2.

Kernelwidthparameters(c?)andregularizationparameter
() affect the LSSVM the performance of generalization.

3. Optimization

Optimization algorithms, especially genetic
algorithm (GA) and particle swarm optimization,
are extensively utilized in different applied scienc-
es and fields. For example, GA has been used to solve
Problems related to parametric design of aircraft, robot
trajectory generation and nonlinear dynamical systems.

3.1.1.Particle swarm optimization (PSO)
PSO, as a stochastic optimization technique, is
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the model of the proposal of a group of birds and
fishes (Wang & Qiu, 2013; Reynolds et al., 2015).
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Fig. 1. Proposed algorithm for automated history
matching
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Research conducted by other authors shows that
PSO is a very efficient method when compared to
other optimization techniques (Reynolds et al., 2015).

3.1.2. Genetic algorithm (GA)

GA is one of the optimization techniques derived from
the natural growth process. Generally, three kinds of
regulations are utilized to get the procedure:
selection, CroSsover, and mutation. This
algorithm is one of the most popular methods for
optimizing the procedure due to its simple and fast
workflow. Lately, GAs are being extended particularly

at least three main factors: experimental design
(screening parameters), proxy modeling, and optimi-
zation. However, in this work, the proposed workflow
for automated history matching differs. (See Figure 1.)
To save computational time and accelerating the simu-
lation runs, LS-SVM (a proxy model) was applied for
the substitution of the simulation model. Proxy con-
struction was repeated many times in order to attain an
acceptable model. Accordingly, all these main steps for
automated history matching were analyzed and then test-
ed in a real model. The criteria to verify the validity of
the built model are Lambda, Sigma, errors and R2. The
GA and PSO optimization techniques were applied to
the proxy model to discover the best solutions. The same
situations for both algorithms were employed. To find
a solution for the matching problem, an objective func-
tion (OF) should be identified. In this case, the objec-
tive value for a function defines the divergence between
the simulated value and observed data. The OF also
considers the different time steps for parameters, if any.

5. Model description

The dimension of the reservoir under study is about
6.5%23 km. The exported up-scaled reservoir model is
square shape, meauring 100x100 m. A 3D schematic view
of the grid property of porosity is illustrated in Figure 2.

5.1. Selected parameters
With regard to the available information on the reservoir
under study, 44 main parameters were considered for

~n
-

Fig. 2. 3D view of reservoir porosity

for history matching (Firoozjace & Khamehchi, 2014).
4. Methodology workflow

As discussed in Section 2, several techniques are
available for assisted history matching. These consist of

proxy generation.
6. Results

6.1. Sample generation
For this study, 1086 runs were produced using the
CCF design by means of the parameters defined in
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Table 1. In Table 1, the 44 parameters used for the proxy
generation are described. Maximum and minimum val-
ues were selected based on the information from near-
by studied fields and reservoir engineering concepts.
In this study all 1086 runs were succefully executed.

6.2. Proxy construction

Training, validation, and testing sets are three
main steps for proxy generation. To reach these
three steps, 70%, 15%, and 15% of the input data
set (1086 samples) were defined, respectively.
Based on the 1086 samples and the identified objec-
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Fig 3. Comparison of actual and predicted data in a
constructed proxy model
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Fig 4. History matching results for average pressure
(9-point) in well 7
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tive function, an acceptable proxy model was created.
Figure 3 illustrates the comparison between the actual and
predicted data from the proxy model for training tests.

6.3. Optimization

The optimum control parameters are shown in Table 2.
Hence GA exhibits a faster convergence with less com-
putations.

Optimum intervals for all 44 parameters are shown
in Table 3. These were selected based on reservoir
engineering experience from the field. It sholud be
noted that the value of the parameteres are entirely
different for most parameters, revealing the solution
diversity for history matching as an inverse problem.

6.4. Applying best solutions

In this section, the optimum solutions acquired by both
optimization algorithms were run by a commercial sim
ulator. Figures 4 to 7 demonstrate the results of the
automatic  history  matching for both field
scale and well scale. Using the discussed
methodology, all wells that have observed data are
Table 1. Uncertain parameters used for sample genera-

tion, proxy construction and optimization

Factor Parameter Parameter name in the Min Max
model

A Compressibility(1/psi) RockComp 2x10°  6x10°
B Permeability Ratio PermRatio 0.5 0.9
C Aquifer Permeability (md) AquPerm 1 200
D Aquifer Porosity AquPoro 0.1 0.2
E Aquifer total compressibility (1/psi) AquTotComp 2 8
F Aquifer thickness (ft) AquThick 300 400
G Permeability Multiplier 1 PermMultl 0.5 3
H Permeability Multiplier 2 PermMult2 0.5 3
J Permeability Multiplier 3 PermMult3 0.5 3
K Permeability Multiplier 4 PermMult4 0.5 3
L Permeability Multiplier 5 PermMult5 0.5 3
M Permeability Multiplier 6 PermMult6 0.5 3
N Permeability Multiplier 7 PermMult7 0.5 3
o Permeability Multiplier 8 PermMult8 0.5 3
P Permeability Multiplier 9 PermMult9 0.5 3
Q Permeability Multiplier 10 PermMult10 0.5 3
R Permeability Multiplier 11 PermMult11 0.5 3
S Permeability Multiplier 12 PermMult12 0.5 3
T Permeability Multiplier 13 PermMult13 0.5 3
U Permeability Multiplier 14 PermMult14 0.5 3
v Well PI Multiplierl WPIMULT1 1 15
w Well PI Multiplier2 WPIMULT2 1 15
X Well PI Multiplier3 WPIMULT3 1 15
Y Well PI Multiplier4 WPIMULT4 1 15
z Well PI Multiplier5 WPIMULTS 1 15
A' Well PI Multiplier6 WPIMULT6 1 15
B' Well PI Multiplier7 WPIMULT7 1 15
c' Well PI Multiplier8 WPIMULTS 1 15
D' Well PI Multiplier9 WPIMULT9 1 15
E' ‘Well PI Multiplier10 WPIMULT10 1 15
F' Well PI Multiplierl1 WPIMULT11 1 15
G' ‘Well PI Multiplier12 WPIMULT12 1 15
H ‘Well PI Multiplier13 WPIMULT13 1 15
J' Well PI Multiplier14 WPIMULT14 1 15
K' Well PI Multiplier15 WPIMULT15 1 15
L' Well PI Multiplier16 WPIMULT16 1 15
M' Well PI Multiplier17 WPIMULT17 1 15
N' Well PI Multiplier18 WPIMULT18 1 15
o' Well PI Multiplier19 WPIMULT19 1 15
P Well PI Multiplier20 WPIMULT20 1 15



87 Mojtaba Karimi, Ali Mortazavi, Mohammad Ahmadi

0000000000 0000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000

Well PI Multiplier21

Q' WPIMULT21 1 15
R' Well PI Multiplier22 WPIMULT22 1 15
s' Well PI Multiplier23 WPIMULT23 1 15
T Well PI Multiplier24 WPIMULT24 1 15

Table 2. Comparison of the solution for GA and PSO.

Optimization Method Best Solutions — Objective

Functions
GA 0.00003
PSO 0.00012
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Fig 6. History matching results for bottom hole pressure
in well 11
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Fig. 7. History matching results for oil production rate
inwell 1

illustrated below with an acceptable match. As can
be seen, the obtained solution has acceptable results.

7. Conclusions

In this study, a new methodology was applied to the
analysis of one giant Iranian oil reservoir. The first step
in the developed methodology is screening using CCF to
generate samples for a proxy model. A large number of
parameters (44) were used to generate the mentioned
proxy model, and 1086 runs were conducted to pre-
pare data for the LSSVM algorithm. The process of
proxy generation was repeated many times to achieve

Table 3. Optimum parameters after implementation of

an optimized proxy model.

Factor Name Min Max
A RockComp 2.22E-06 2.75E-06
B PermRatio 0.51 0.86
C AquPerm 10.46 98.38
D AquPoro 0.10 0.12
E AquTotComp 2.15E-06 3.81E-06
F AquThick 305 349
G PermMultl 0.71 2.76
H PermMult2 0.71 2.76
J PermMult3 0.71 2.76
K PermMult4 0.58 0.67
L PermMult5 0.54 0.70
M PermMult6 0.71 2.82
N PermMult7 0.71 2.87
0] PermMult8 0.54 0.76
P PermMult9 0.54 0.57
Q PermMult10 0.62 0.72
R PermMultl 1 0.63 2.90
S PermMult12 0.71 2.72
T PermMult13 0.54 0.52
U PermMult14 0.54 0.65
A" WPIMULTI 2.19 14.82
w WPIMULT?2 2.19 14.99
X WPIMULT3 2.17 14.87
Y WPIMULT4 2.19 14.92
zZ WPIMULTS 2.12 14.62
A WPIMULT6 1.24 1.10
B' WPIMULT? 1.70 9.37
C WPIMULTS 1.56 1.06
D' WPIMULT9 1.79 14.25
E' WPIMULTI10 1.29 1.48
F' WPIMULTI1 1.21 1.23
G' WPIMULTI12 1.50 10.90
H' WPIMULT13 1.35 1.34
r WPIMULT14 1.82 12.18
K' WPIMULTI15 1.21 1.30
L' WPIMULTI16 1.21 1.28

M WPIMULT17 1.23 1.14
N' WPIMULT18 1.80 14.37
o' WPIMULT19 2.19 14.89
P’ WPIMULT20 1.21 1.12
Q' WPIMULT21 1.73 9.51
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R’ WPIMULT22 1.32 1.33
S' WPIMULT23 1.26 1.41
T WPIMULT24 1.23 1.05

the appropriate proxy model parameters and criteria us-
ing a simplex optimization technique. Next, after pro-
viding validation criteria, the accepted proxy model
was used instead of simulation software in order to get
the best parameters using optimization methods. This
was done by two important optimization algorithms:
GA and PSO. The results demonstrated that GA pro-
duces more acceptable results in comparison to PSO.
This study shows the capability of CCF, LSSVM and
GA in the process of automatic history matching. All
of this procedure was done using codes on a mathe-
matical toolbox linked with a simulator and optimizer.

References

Ahmadi, M.A. & Bahadori, A. (2015). ALSSVM
approach fordetermining well placementand conning
phenomena in horizontal wells. Fuel, 153: 276-283.

Arief, L.H. (2013). Computer assisted history
matching: A comprehensive study of methodolo-
gy. Masters thesis. Stavanger University, Norway.

Arwini,S.G. & Stephen,K.D.(2011). Combiningex-
perimental design with proxy derived sensitivities to
improve convergence rates in seismic history match-
ing. SPE EUROPEC/EAGE Annual Conference
and Exhibition. Vienna, Austria SPE-143528-MS.

Azad, A. & Chalaturnyk, R. (2013). Ap-
plication of analytical proxy models in res-
ervoir estimation for SAGD process:
UTF-Project Case Study: SPE-165576-PA.

Bhark, E. & Dehghani, K. (2014). Assisted His-
tory Matching Benchmarking: Design of Ex-
periments-based Techniques. SPE Annual Con-
frence. Amsterdam, Netherlands: SPE 170690.

Denney, D. (2010). Pros and cons of applying a proxy
model as a substitute for full reservoir simulations.
Journal of Petroleum Technology, 62(7): 41-42.

Fedutenko, E., Yang, C., Card, C. & Nghiem,
L.X. (2014). Time-dependent neural net-
work based proxy modeling of SAGD pro-
cess. SPE Heavy Oil Conference-Canada.
Calgary, Alberta, Canada: SPE-170085-MS.

oooooooooooooooooooooooooooooooooooooooooooooooooooo

oooooooooooooooooooooooooooo

Firoozjaee, R.A. & Khamehchi, E. (2014).
A novel approach to assist history match-
ing using artificial intelligence. Chemical En-
gineering  Communications, 202: 513-519.

Ghasemi, M. & Whitson, C.H. (2011). Mod-
eling SAGD with a black-oil proxy. SPE An-
nual Technical Conference and Exhibition.
Denver, Colorado, USA: SPE-147072-MS.

Mohaghegh, S.D., Abdulla, F., Gaskari, R. &
Maysami, M. (2015). Smart proxy: An innova-
tive reservoir management tool: Case study of
a giant mature oilfield in the UAE. Abu Dha-
bi International Petroleum Exhibition and Con-
ference. Abu Dhabi, UAE: SPE-177829-MS.

Reynolds, A. P., Abdollahzadeh, A., Corne,
D.W., Christie, M., Davies, B. & Williams,
G. (2012). Guide objective assisted particle
swarm optimization and its application to histo-
ry matching. Parellel Problem Solving. 12th In-
ternational Conference on Parallel Problem Solv-
ing from Nature. Taormina, Italy. pp. 195-204.

Rousset, M. (2011). Building fast proxies
for optimization of thermal reservoir simula-
tion (pdf). Retrieved online at https://www.
researchgate.net/publication/265282435 B
Building_fast proxies for optimization_of
thermal reservoir simulation on 12 Dec 2018.

Suykens, J.A.K., Gestel, T.V., De Braban-
ter, J., De Moor, B. & Vandewalle, J. (2002).
Least square support vector machines. World
Scientific ~ Publishing: New Jersey: USA.

Wang, X. & Qiu, X. (2013). Application of par-
ticle swarm optimization for enhanced cyclic
steam stimulation in a offshore heavy oil reser-
voir. International Journal of Information Tech-
nology, Modeling and Computing, 1(2): 37-47.

Submitted: 15-09-2017
Revised: 24-10-2017
Accepted: 14-11-2017



89 Mojtaba Karimi, Ali Mortazavi, Mohammad Ahmadi

O clin S € al Bl 5 il Aaia anh

‘ali. mortazavi@aut.ac.ir
uaidlall

bl 5 14 e g sini diEa clias Jsia o (AHM) AV Ay Ul Sl gall (3 yda dunal ke ot cannll 128 8
Aaa )l A pladiul ot o ) e (siadl e Hall 8 a s (A Al s g Lall dakia (z LY Jame Ciaa () Badatie Sllatul
Bale Y 23 aill Cilalee IS dasin o cadi (e s oy pmtanal bl e edh € 23 e o LY Adan ) acall e 4]
10866\Mbcmc)_\sﬂ\ra5}}c.ﬁ)_m;\_ueﬁ sk_r“_ﬂ\_:}ajl_uu‘\(a_"ig;ﬂ\WS}}CaMAﬁAHJA\ﬁJm\CuJJ
M\DMMHJH\})L\hy\)ﬁ—\ﬁ’)ﬂ\‘ﬁuw\QL?QA]\LG}AMU_AO9&‘}§JR2LJ_AL’.ALHS slnd e
el alie: Qi) Aa )53 5 A8 sl e 3ol sal) (b g Jdad) Joadl () J g sl G ) tize 5 )53 IS e



