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In this paper, a new robust approach based on Least Square Support Vector Machine (LSSVM) as a
proxy model is used for an automatic fractured reservoir history matching. The proxy model is
made to model the history match objective function (mismatch values) based on the history data of
the field. This model is then used to minimize the objective function through Particle Swarm
Optimization (PSO) and Imperialist Competitive Algorithm (ICA). In automatic history matching,
sensitive analysis is often performed on full simulation model. In this work, to get new range of the
uncertain parameters (matching parameters) in which the objective function has a minimum value,
sensitivity analysis is also performed on the proxy model. By applying the modified ranges to the
optimization methods, optimization of the objective function will be faster and outputs of the
optimization methods (matching parameters) are produced in less time and with high precision.
This procedure leads to matching of history of the field in which a set of reservoir parameters is
used. The final sets of parameters are then applied for the full simulation model to validate the
technique. The obtained results show that the present procedure in this work is effective for history
matching process due to its robust dependability and fast convergence speed. Due to high speed
and need for small data sets, LSSVM is the best tool to build a proxy model. Also the comparison of

PSO and ICA shows that PSO is less time-consuming and more effective.
Copyright © 2016, Southwest Petroleum University. Production and hosting by Elsevier B.V. on
behalf of KeAi Communications Co., Ltd. This is an open access article under the CC BY-NC-ND
license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

major problems in history matching are: 1) generally, history
matching is done manually and due to the enormous number of

Numerical reservoir simulation could provide the ability to
understand the real reservoir behavior. To propel the simulated
data to the real data, it is necessary to carry out the history
matching operations and tune the reservoir parameters [1]. The
main stages of the history matching process involve selecting
parameters, defining the mathematical model, defining the
objective function, sensitivity analysis and stop conditions. The
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data used, a desired result is not achieved.; 2) it would be difficult
to adjust the parameters to obtain the match due to the large
number of reservoir parameters; 3) optimization algorithms used
in the history matching process, optimize the problem locally;
Thus when there are several minimums an acceptable solution is
not provided; and 4) typical history matching procedure works
for one simulation model and does not have the ability to work
with several number of models. To solve the problems mentioned
above, different techniques of automatic history matching were
offered. In the proper procedure, one of the most important ac-
tivities to achieve an acceptable result is to improve the optimi-
zation algorithms to achieve global minimum [2].

In this paper, two of the most famous global optimizers in the
literature are employed: the PSO and ICA. These two algorithms
need large number of objective function evaluation for optimi-
zation but each function evaluation needs a full simulation run
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which is time consuming. In order to reduce the function eval-
uation time, we use proxy models. Proxy models are alternatives
to the reservoir simulation model. A good proxy model should
have the following features [3,4]: (1) is acceptable imitation of
nonlinear behavior of the actual model; (2) has a simple appli-
cation; and (3) its construction is straightforward. A number of
proxy models are used for reservoir simulation by different au-
thors and each proxy model has been used for a particular
reservoir and application [5]. Proxy models can simplify the
process of finding the optimal values of reservoir parameters to
reach the history matching by speeding up the calculations. This
is more important for fractured reservoir because of its complex
behavior.

History matching of fractured reservoirs poses more chal-
lenges compared to conventional reservoirs in two main areas:
the number and type of history matching parameters, and the
increased computational cost. For example, in the single porosity
model, relative permeability and ky/kn(ky: vertical permeability;
kn: horizontal permeability) are used as matching parameters in
the match of water cut and gas production, whereas the
matching parameters in the dual porosity model are fracture
porosity, shape factor and kg /ke, (kg fracture vertical perme-
ability; ke fracture horizontal permeability). The dual porosity
models have longer execution time than the single porosity
models because of the large number of parameters. Also, the
inter-porosity flow between the matrix and fracture poses
additional challenge arising from the matrix—fracture in-
teractions because it requires extensive computation. The
doubling of the number of computational cells and significant
non-linearity that leads to much smaller time-steps and more
computations per time-step increase the computations required
to evaluate the dual porosity model compared with an equiva-
lent single porosity model. A partial representation of the frac-
ture networks or describing them in a simplistic way in reservoir
models due to scarcity of fracture data or lack of necessary nu-
merical tools is one of the challenges of the fractured reservoir
history matching.

Considering the importance of proxy application in the his-
tory matching, many studies have been carried out in this area.
Cullik et al. [6] conducted the history matching using a nonlinear
proxy and global optimization. They used the neural networks as
a proxy model and showed that the required number of simu-
lation runs to obtain a good history match can be reduced by the
neural network. Yu et al. [7] used the genetic programming as a
proxy model for history matching. Zhang et al. [1] provided an
automatic history matching based on improved genetic algo-
rithm. They showed that the rate of convergence of the auto-
matic history matching can be significantly increased by the
improved genetic algorithm. Rammay et al. [8] used the Adaptive
Neuro-Fuzzy System (ANFIS) as a proxy to reservoir simulator.
They combined ANFIS and Differential Evolution (DE) algorithm
to reduce the number of simulation runs and the expensive
simulation time. Maschio et al. [9] replaced the flow simulator by
proxy models created by artificial neural network (ANN) to make
possible the application of the sampling method in the history
matching. They used Markov Chain Monte Carlo (MCMC) sam-
pling and combined it and ANN. Goodwin [10] appraised the
limitations of random walk MCMC. They showed that a combi-
nation of MCMC and proxy models provide a more reliable
probabilistic uncertainty quantification and a suitable ensemble
of deterministic reservoir models. He et al. [11] proposed the
proxy-for-data approach. In this paper, the aggregated mismatch
was calculated by the data values predicted by proxies. They also
reduced the number of proxies needed by use of reduced order
modeling.

In this paper, use of Least Square Support Vector Machine
(LSSVM) as a nonlinear proxy model is proposed and a history
match workflow with strong and nonlinear LSSVM proxy model
to improve the history matching process is presented. One of the
Iranian fractured reservoir simulation model and its history data
is used as the case study.

2. LSSVM for function approximation

Considering the high performance of the support vector
machine (SVM) in function approximation, the application of this
algorithm has caused a significant growth in the field of oil
reservoir modeling. SVM as a learning organization takes the
nonlinear problems into high dimensional feature space and
solves the problem through the kernel functions. Accordingly,
SVM forecasts the functions so that the desired functions are
developed on the subset of support vectors [12]. A version of
SVM for regression is called support vector regression (SVR).

The purpose of SVR is to find a function f(x) that has at most ¢
deviation from the actually obtained targets y for all the
training data, and is as flat as possible simultaneously. In the case
where f(x) is a linear function of the form f(x) =w' x + b, the
resulting primal optimization problem is shown in the following
form [13]:

m
minimize +oTew + C > (ei+¢f)

2 i=1
yO —0Tx® —b< etg (1)
subjectto ¢ x® —y® 4 b <e+ ef
€ g, & >0

e wlw controls the trade-off between the complexity and the

approximation accuracy of the model.

e &j, & are slack variables that measure the error of the up and
down sides, respectively.

e C controls the trade off between the error and margin.

This optimization problem can transformed into the dual
problem, which is easier to solve, and its solution is given by

Nsy

fx) = > (o — o )k(x3,%) (2)

i=1

subject to 0 <af,a; <Cwhere of anda; are called the
lagrangian multipliers are in Eq. (2), which satisfy the equalities
ag; = 0, ¢; > 0 and o > 0 and ngy is the number of Support
Vectors (SVs) and the kernel function

m

KX, Xi) = Y gi(X)gi(X;) (3)

=

In order to reduce complexity and increase computing speed,
modified SVM as LSSVM is offered [14]. LSSVM as a function
approximation is to estimate a function y(x) from a given
training set of N samples {xi,yi}{\‘:1 in which x; RN (N dimen-
sional vector space) as input data and y; r (one dimensional
vector space) as corresponding output data [15]. LSSVM suggests
the following equation to estimate y(x) [15]:

y(x) = w'o(x) +b (4)



346 S.H. Riazi et al. / Petroleum 2 (2016) 344—360

Where the nonlinear function ¢(x) takes the input data into a
high dimensional feature space to reduce the complexity and
increase the speed of problem solving; b is the bias value and w is
a weight vector having the similar dimension with the defined
space dimension. To approximate LSSVM, y(x) should optimize
the following problem [15]:

1 5 1., o
SWIW i ;ei — Must be minimized

where y* = regularization parameter and e; = error variable.
After minimization the above problem, y(x) can be obtained as
follows [16].

N
y(x) = > oKX, X)) + b (5)
i1

Where Kk(x,xj) is the kernel function and o; is Lagrange
multiplier called the “support value”. o; and b are obtained from
optimization problem described above. There are different forms
of kernel functions such as linear, polynomial and radial basis
function (RBF) [16]. Among the forms available for the con-
struction of kernel function, RBF has the maximum efficiency
and can improve the performance of the LSSVM [17]. The RBF is
defined as follows [16]:

K(x1.x2) = exp( = [Ix1 — %2> /25%) (6)

where o2 is the width of RBE. The values of y* and o2 are gained
during the training of LSSVM.

3. Particle Swarm Optimization (PSO)

The Particle Swarm Optimization (PSO), which was first pre-
sented by Kennedy and Eberhart [18], could be a strong
competitor to other evolutionary algorithms that solve global
optimization problems [19]. PSO as a stochastic optimization
technique is the model of the motion of a group of birds and
fishes [19]. Works done by other authors showed that PSO acts
quickly and more efficiently compared to other optimization
techniques like Genetic Algorithms (GA) and DE [20]. PSO has the
same effectiveness (finding the true global optimal solution) as
the GA but with significantly better computational efficiency
(less function evaluations) by executing statistical analysis and
formal hypothesis testing [21]. Another reason that PSO is
interesting is that it has a small number of parameters to tune, its
formula is simple and easy to implement in computer [22].

In PSO, a set of randomly generated solutions, called particles,
fly through the problem hyperspace, where the position of each
particle is changed according to its own experience (pbest) and
that of its neighbors (gbest), according to the following equations
[18]:

Vi1 = W Vj + i1y (pbest; — X;) + cara(gbest; — x;) (7)

Xip1 =X+ At Vi (8)

e v The particles speed.

e 11, r Two random numbers generated in the interval [0, 1].

e 1 (self confidence), c; (swarm confidence) Intensities of
attraction towards pbest and gbest respectively.

e At A time parameter which represents the advance step of the
particles.

e w A factor of inertia which controls the velocity effect. In this
work, we used the value of 1 for w.

At iteration i+1, the velocity of a particle is updated and two
forces that attract the particle to pbset and gbest. The position of
each particle is updated using its velocity vector in the end of the
iteration.

PSO is expressed in the following simple commands [20]:

1. Initialize the swarm particles with random placement of
particles in parameter space such that each particle has an
acceptable random velocity;

. Calculate and evaluate the cost function for each particle;

3. Compare the value of each particle with its personal best
position (pbest). If the current value of the desired particle is
better than the pbest value, the position of the particle and
pbest are replaced with each other;

4, Update the position and the cost function of global best
(gbest);

5. Update the position and velocity of every particle after steps 1
to 4;

6. Continue steps 1 to 5 until stopping conditions are reached
such as the maximum number of iterations and/or the
appropriate cost function.

N

Fig. 1 shows how to update the position of the particle by PSO.

4. Imperialist Competitive Algorithm (ICA)

Imperialism is a policy that an imperialist applies it in order to
extend its power beyond its boundaries. Countries colonized by
the colonizer are controlled directly or indirectly such as
controlled goods or raw materials [23]. An algorithm based on
this policy named: Imperialist Competitive Algorithm (ICA) was
presented by Atashpaz-Gargari and Lucas [24]. ICA as a socio-
political global search technique was presented for different
optimization problems recently.

There are many studies about the application of the optimi-
zation techniques such as PSO, GA and DE in history matching
while ICA is rarely used. ICA is a new optimization technique. The
aim of this work is to evaluate the performance of ICA in history
matching. Also, the works done in other fields showed that ICA
has exhibited excellent abilities such as accuracy, faster conver-
gence and better global optimum attainment compared to
traditional GA [25].

Like PSO, ICA starts with an initial random population. Each
individual of the population called countries are divided into two

best

pl
k
Ohest ,
' .
Q 7 swarm influence
L k+1

influence

Fig. 1. Concept of modification of a searching point by PSO (Mohamed, L., 2010).



S.H. Riazi et al. / Petroleum 2 (2016) 344—360 347

types: colonies and imperialists that all together create some
empires. Imperialistic competition among these empires is the
core of ICA. In this step, based on the cost of the imperialists, each
country is allocated to an empire. Firstly, the total cost of every
empire is calculated and normalized according to following
equations [24]:

T.C.n = Cost(imperialist,)
+ £.mean{Cost(colonies of empire,)} (9)

N.T.C, =T.C.h, — max{T.C;} (10)

o T.C.,, The total cost.

e N.T.C.; The normalized total cost of the nth empire.

e £ A little positive number which is considered to be less than
1. This value determines the role of the colonies in deter-
mining the total power of an empire.

After creating initial empires, the colony moves toward the
imperialist by x units, and the moving model is shown in Fig. 2
[24]. In this movement, 6 and x are random numbers with uni-
form distribution as demonstrated in Eq. (11) and d is the dis-
tance between the colony and the imperialist.

where f and vy are arbitrary numbers that modify the random
searching domain of colonies around the imperialist.

The weakest colony of the weakest empire is selected. This
colony is colonized by other empires through competition. The
possession probability of each empire is given by the formula
(12) and form the vector P as the formula (13) [24]:

Imperialist

New Position
of Colony

Fig. 2. Movement of colonies toward their relevant imperialist in a randomly
deviated direction.

N.T.C.
Pn = | N o (12)
SNNT.C
P: |:pp17pp27pp37"'7ppNimp:| (13)

A vector R with the same size as P whose elements are uni-
formly distributed random numbers is produced as the formula
(14):

R = r17r2,r3,...,rNimp] where I1,02,13, ..., IN,,, ~ U(0, 1)
(14)

Then vector D is created by simply subtracting R from P, as the
formula (15):

D=P-R= {D1»D27D3, ~~-»DNimp]

= |:pp1 - rlvppz — Iy, pp3 — I3, “.’ppNimp - rNimp:| (15)

Finally, the empire whose related index in D is maximized
will obtain the mentioned colony. The competition continues
until the stop condition is met. The stop condition can be one of
the following:

e A preset maximum number of iterations is reached.
¢ All the colonies will be under the control of unique empire.

The weak empires gradually lose their colonies and ultimately
they will collapse. The imperialistic competition and the collapse
mechanism will cause all the colonies to converge to a state in
which there exists just one empire. This remaining empire stands
for the solution.

The following workflow is offered to apply the ICA at the
computer system [24]:

1. Initialize to generate the initial empires and colonies;

2. Move the colonized countries towards self-empire
(Assimilation);

3. Change the position of some countries under colonial
randomly (Revolution);

4. Replace the position of a country with its empire if the cost
function of the country in a colonial is greater than its empire;

5. Calculate and compare the total cost of all empires with each
other (Total cost for an empire depends on the strength of the
emperor and its controlled countries);

6. Transfer the colonies of the weakened empire to the empire
with greater power (Imperialistic competition);

1 2 3 4 65 6 7

T e Pl E Ry
9 10 11 12 13 14 15

Fig. 3. Three-dimensional reservoir model.
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Table 1 7. Remove the weakest empire;
Reservoir properties in full simulation model. 8. Continue steps 2 to 7 so that it reaches the stop condition.
Property Value Property Value
X dimension 53 Ave matrix perm (x 0.18589
& y) (md) 5. A case study
Y dimension 15 Ave matrix perm (z) 0.34677
7 dimension 146 E\H\:S)matrix porosity 005503 A sector of one of the Iranian fractured reservoir in the Ahwaz
Ave fracture Dx (ft) 1174 Ave fracture 3223.6 011ﬁe1q has beep used .for tl‘l.lS study. This reservoir is part of t.he
pressure (psi) Asmari reservoir and is mainly composed of carbonate entities
Ave fracture Dy (ft)  1543.6 Ave matrix pressure 3219.4 (Limestone and Dolomite). Oil, water and gas exist as three phase
et . 235‘)f ) in this reservoir. The schematic diagram of the reservoir is shown
ve fracture Dz (ft) 22169 S;ir;igr‘]‘re o 0.58231 in Fig. 3. Other properties of the reservoir are summarized in
Ave matrix Dx (ft) 12079 Ave fracture water  0.33771 Tgble 1. The reservoir i§ double porosity. This case stqdy is a
saturation highly fractured reservoir such that pressure of all wells is equal
Ave matrix Dy (ft) ~ 1559.9 Ave matrix oil 0.36983 in the whole reservoir. Also, the performances of the wells such
) saturation as well productivity index are very similar. Therefore, the frac-
Ave matrix Dz (ft) 22.246 Ave matrix water 0.61439 . .
saturation tures properties can be assumed homogeneous with good
Active phases Live oil, water Water density (Ib/  62.428 approximation. In fact, the problem of this type of fractured
and gas ft%) reservoirs is dependence of the model output such as water and
N“(f;‘b“ of ;‘C“"e cells 58,035 Gas density (Ib/ft)  0.0608 gas production rate and coning phenomenon upon the fractures
racture . .
Number of active cells 58,035 0il density (IbJfc®) 5178 properties (fracture porosity, §hape factor and etc). Due to lack of
(matrix) fracture data such as Formation Micro Scanner (FMS) and For-
Ave fracture perm (x & 707.09 OWC (ft) 6070 mation Micro Imaging (FMI), fracture modeling has not been
y) (md) established.
A"? fr;)c“‘re perm (z) 445.41 GOC (fr) 2750 Despite the homogeneity of the fracture system, the matrix
Ave fracture porosity 0.00786 10IP (STB) 3.553366,676 systems are quite heterogeneous. To show this heterogeneity,

matrix porosity distribution is shown in Fig. 4. Also, Fig. 5 shows
the histogram of matrix porosity distribution in cells.

Matrix Porosity

— e E———— 1 —
0.02010 0.06278 0.10545 0.14812 0.19080

Fig. 4. Matrix porosity distribution.
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Matrix Porosity

Fig. 5. Histogram of matrix porosity distribution in cells.
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There is little or no difference between this fractured reser-
voir and conventional reservoir in history matching process
because this model is a highly fractured reservoir and fracture
properties are largely homogeneous. But the main difference
between this dual porosity model and conventional model is
longer execution time in history matching process. Therefore, the
main objective of this paper is to reduce the necessary runtime
for matching of history of the field. Another aim of this work is to
evaluate the LSSVM performance as a proxy model in this type of
fractured reservoirs.

Fig. 6 shows the location of the drilled wells. In this reservoir,
18 wells have been drilled. All the drilled wells are production
except well #7. In order to maintain the reservoir pressure, well
#7 has been drilled for gas injection. All wells produce oil and
gas. In addition to oil and gas production, well #9 also produces
water.

6. Methodology
6.1. Data preparation

Due to high level of Iranian fractured reservoirs heterogene-
ities, these reservoirs are described by wide range of un-
certainties. These uncertainties mostly originate from unknown
fracture network, aquifer volume and etc. Uncertainties in Ira-
nian fractured reservoirs have many sources and may be created

WEL Lz VELLH#8 WELL#17D

WELL#19D
WELLE#14D \WELL#1
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anywhere within the reservoir modeling workflow [26]. All these
uncertainties lead to a complex reservoir model. Therefore
evaluation of this model produces unacceptable results.

In this work, parameters that have wide range of uncertainty
are selected as matching parameters so that fractured reservoirs
evaluation will be improved by finding the appropriate value of
these parameters in history matching process. Table 2 shows the
13 parameters as input data to build a proxy model for history
matching. These parameters will have wide range of uncertainty
and the greatest impact on the behavior of fractured reservoirs.

The most important step to build a high-performance proxy
model is sampling the input data (Design of experiments on
data) [5]. Several methods for data sampling and design of ex-
periments are available like full factorial designs in two levels,
Plackett—Burman designs and Latin Hypercube Sampling (LHS).
Among sampling methods, LHS has more computational effi-
ciency [5]. To design n samples of data, LHS acquires cumulative-
probability distribution for each input parameter. Then LHS of-
fers n uniform distributed points on cumulative-probability
distribution for each parameter. Obtained values for the input
parameters related to these n points, are combined together to
create the sampling randomly. Using the LHS, 480 data sets as
input files to run in full simulation model were generated from
the 13 parameters. Table 2 shows a summary of the 480 data sets
features. The base value column in Table 2 shows the values of
these 13 parameters before history matching process. These 480

LL#18H
Li#6

WELL#10

WELL#15D

Fig. 6. Location of the drilled wells.

Table 2
Input parameters features.

Parameters Data no. Base value Min Max Mean Standard deviation
Aquifer porosity 480 0.1 0.03 0.2 0.054222972 0.009505285
Aquifer permeability (md) 480 20 1 2000 1025.057408 575.5163989
Aquifer radius (ft) 480 5000 3000 25,000 19,041.81708 3214.940298
Aquifer height (ft) 480 2000 700 3000 1858.985328 636.4149481
Aquifer compressibility (psi~') 480 50 x 107> 9.89 x 10~° 296 x 1074 0.000199214 5.72527 x 107>
Matrix compressibility (psi—') 480 3.55 x 1076 2x10°° 15x10°° 8.71x10°° 3.72571 x 107
Fracture compressibility (psi—') 480 160 x 10~ 150 x 10°© 200 x 1076 0.000175379 1.41999 x 107>
Shape factor (ft=2) 480 0.002 0.0001 0.1 0.050673449 0.028564032
Matrix block height (ft) 480 20 10 100 56.34262044 26.09562503
Pore volume multiplier 480 0.5 0.2 1 0.634034597 0.213547505
Fracture permeability (z) (md) 480 100 920 500 350.1113464 87.10665108
Fracture permeability (x&y)(md) 480 1000 50 2000 1043.143136 556.5866535
Fracture porosity 480 0.002 0.0001 0.01 0.005592596 0.002747863
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> w,objFcn,

Final Output(Final Obj Fcn)
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Fig. 7. Final objective function construction.

data sets as input parameters are used to build the proxy model.
We are going to match the oil, water and gas rates and well static
pressures for all wells in this paper. After running the full
simulation model, the oil, water and gas rates and static pres-
sures as the full simulation model outputs are used to create the
objective function. The objective function (mismatch function) is
defined by the following equation.

- . (5 — yp)
Objective Function = . B (16)
i

y&€(x) as the simulation value is achieved from simulator

model. y}’bs(x) as the observed value is obtained from reservoir
production history. o; represents the standard deviation of the
observed values. In this work, the objective function is defined
for the oil, gas and water rates and static pressures separately.
The final objective function (final output) is the weighted sum of
the objective functions that is defined for the oil, gas and water
rates and static pressures. Fig. 7 shows how to create the final
objective function needed to build the proxy model. Required
weights of the weighted sum have been used for assimilation the
objective functions impact on the final objective function. The
weights were adjusted based on the magnitude of the oil, water
and gas rates and static pressure. Due to the higher magnitude of
the oil rate, we selected the smallest weight for the oil rate.
Table 3 shows weights value used in construction of the final
objective function.

6.2. Proxy construction using LSSVM

The proxy model construction based on LSSVM is summa-
rized as following steps [16]:

1. The entire dataset are divided into three parts: training,
validation and testing. The training and validation dataset are
used to build the LSSVM model and the test dataset are used
to verify and evaluate the performance and efficiency of this
model. In this work, 70%, 15% and 15% of the input dataset are
defined as training, validation and testing sets respectively.

2. Initialize the parameters ¢® and y* using the training
dataset (Regularization parameter (y*) and kernel width
parameter (g2) play an important role in the LSSVM perfor-
mance. The task of y* is creating a suitable LSSVM structure
based on the minimum training error and is minimizing the

Table 3
Weights value used in construction of the final objective function.

Weights Value

Wi W W3 Wy

5 10 10 10

model complexity. The input data in original space is trans-
ferred into a high-dimensional feature space by ¢ The small
value of o2 causes the overfitting. Also the large value of 2
reduces the LSSVM accuracy [27]).

3. Using the grid search technique with cross-validation
method, we obtain optimal values of parameters ¢ and y*.
In this work, ten-fold cross-validation is used. In this process,
the training datasets are divided into ten equal parts. The grid
training data consists of nine equal parts and remaining part
devoted to grid validation data. LSSVM will be trained by the
grid training data. ¢® and y* are also optimized via the
training process of LSSVM. After training the LSSVM, this
model is tested by grid validation data and this operation is
repeated ten times. The LSSVM training and testing processes
continue until a stopping condition is reached. In this con-
dition, optimal value of 6% and y* can be achieved with the
minimized error.

4. After obtaining the optimum value of ¢ and y*, these pa-
rameters are used to construct the LSSVM model.

5. After building the LSSVM model, the testing datasets are
applied on the model in order to investigate the model
performance.

Table 4 shows the optimum value of ¢® and y* to build the
LSSVM model in this paper.

6.3. Evaluation of model performance

Assessment the accuracy of the prediction model is the last
and most important step in the modeling process. In this work,
quantitative analysis is used to evaluate the model performance.
Therefore, correlation coefficient (R?), absolute relative error
(ARE) and root mean square error (RMSE) are used for quanti-
tative analysis. ARE shows closeness of the simulated data with
the actual data. ARE is defined as:

Vi— Vi

Vi

Where, yj is an actual data and yj; is a forecasted value ob-
tained by proxy model. R? provides a value that represents the
amount of success in reducing the standard deviation by
regression analysis. R? is defined as:

ARE = (17)

Table 4
The optimal parameter combination (y, 62) to
build the LSSVM model.

Tuned parameters

,Y* 62

3.1392 1.5982
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Table 5

LSSVM performance.
Sample RMSE ARE R?
Training data 25.639 0.7302 0.9491
Validation data 27.8243 0.8691 0.9392
Testing data 30.275 0.9326 0.9363

=12
Rzzl_Z(%*YJ
Y-V’
where y is the average of y;.

RMSE represents the difference between the simulation data
and real data. RMSE is defined as:

(18)

~\2
RMSE = w (19)

where, n is the number of observation data.

7. Results

The 480 sets of data were provided as input files to run in full
simulation model by LHS. The convergence of reservoir simula-
tion model was obtained in 270 of 480 data sets. These 270 data
sets as input parameters are used to build the proxy model. 70%,
15% and 15% of these input dataset are defined as training, vali-
dation and testing sets respectively. To construct the proxy, 230
cases of the numerical simulation model were made and used for
the training of the proxy model. 40 cases are selected randomly
among the training cases and used to validate the proxy model.
40 cases were also made and used for the testing of the proxy
model. The datasets of these cases are different from the datasets
of training cases. Table 5 shows the performance of constructed
LSSVM proxy model. Figs. 8—10 illustrate difference between the
real and the simulated LSSVM output, for training, validation and
testing sets.

For history matching, the proxy model output should be
minimized by the optimization algorithms. In fact, optimization
algorithms choose a set of input parameters in which the
objective function is minimum i.e. the simulation model is his-
tory matched. Prior to optimization, sensitivity of final objective
function to each input parameter is evaluated. Fig. 11 shows the
sensitivity of final objective function to each input parameter. In
these figure, we show the sensitivity of the matching parameters

to final objective function separately because we want to deter-
mine the new range of the matching parameters (min, max) in
which the final objective function is minimal. The main purpose
of history matching is to reach the minimum objective function.
Therefore, determining these ranges is useful to improve the
history matching efficiency. Red dash lines in these figures show
the modified range of input parameters in which the final
objective function is minimal. Fig. 12 shows a comparison be-
tween the sensitivity of the final objective function to 13 pa-
rameters. Fracture permeability in x and y direction and pore
volume multiplier as shown in Fig. 12 have the greatest impact
on the LSSVM model output. So, the modified range of these two
parameters is more effective in minimizing the LSSVM model
output. Table 6 shows the modified ranges of input data.

Next step is to apply the modified ranges in two optimization
algorithms (ICA and PSO). These two algorithms have some
adjustable parameters as mentioned before. These parameters
are used to tune the optimization process.

The main tuning parameters of the PSO model are C;, C; and
the swarm size. The settings of these parameters determine how
it optimizes the search-space. According to the type of problem,
these tuning parameters should be changed. Therefore, we need
to get the proper tuning parameters value. The way to solve this
problem is by trial and error. In this work, 15 alterations to the
PSO were investigated and their performance (mean square er-
ror) determined. Due to the high number of matching parame-
ters (13 parameters), PSO requires a high number of particles
(3000, 4000 and 5000) to improve its performance.

Fig. 13 shows impact of the tuning parameters on perfor-
mance of the PSO. It is observed that there is a slight

Table 6
Modified range of input parameters in LSSVM model.

Parameters Modified range
Aquifer porosity 0.04—-0.0625
Aquifer permeability (md) 200—-1400

Aquifer radius (ft) 1.8 x 10°-2.4 x 10*
Aquifer height (ft) 750—1900

1.75 x 1074-2.5 x 107
6 x 107511 x 107
1.5 x 1074-1.75 x 1074

Aquifer compressibility (psi~!)
Matrix compressibility (psi~')
Fracture compressibility (psi—")

Shape factor (ft=2) 0.005—0.04
Matrix block height (ft) 50—-90
Pore volume multiplier 0.25-0.75
Fracture permeability (z) (md) 200—-400
Fracture permeability (x & y) (md) 100—-400

Fracture porosity 0.0025—-0.0065
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Fig. 12. The sensitivity of the LSSVM model output to each input argument.
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Fig. 13. Impact of the tuning parameters on performance of the PSO.

improvement of performance of the PSO with increasing swarm
size; a larger swarm increases the number of calculations to
converge to an error limit. The research presented in this paper
found out that setting the two weight factors C; and C; at 1.5 and
2.5 respectively provides the best performance of the PSO for all
runs. Other combinations of values lead to lower performance of
the PSO. Table 7 shows performance of the alterations to the
PSO.

It is clear that the performance of the ICA is affected by tuning
parameters such as number of countries, revolution rate,
assimilation coefficient () and assimilation angle coefficient ().
So, we obtain good values for the tuning parameters by trial and
error. To investigate the effect of the population size on the
performance of the ICA we select number of countries from the
set {50, 70, 90, 100, 120, 150, 170 and 200} and then execute ICA.
Fig. 14 shows the results. Increasing the number of countries
reduces MSE. MSE decreased rapidly for up to 100 countries. So
we've used 100 in this work. Based on previous studies on a
number of optimization problems [24], the best range of varia-
tion is 0.1-0.2 for the revolution rate, 0.5—2.5 for § and 0.3—1
(Radian) for v. In this paper, many tests are executed by changing
the range of variation for these parameters (the revolution rate
between 0.1 and 0.2, § between 0.5 and 2.5 and y from 0.3 to 1
radian). Table 8 shows the results of some of these tests. The best
performance of ICA (the lowest MSE) occurred in the revolution
rate=0.1, =2 and y = 0.5.

Fig. 15 and Table 9 show the best performance of optimization
algorithms to minimize the LSSVM model output (Final objective
function). MSE shown in Fig. 15 and Table 9 indicates the mini-
mum value of the LSSVM model output obtained by the

Table 7
Performance of the PSO on LSSVM model.
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Fig. 14. The impact of the population size on the performance of the ICA.

optimization algorithms. According to the achieved MSE, PSO
performance in minimization of the LSSVM model output is
better than ICA. Table 10 shows the outputs of the optimization
algorithms. These outputs are the matching parameters. Fig. 16
shows comparison of matching parameters obtained from the
optimization algorithms.

In automatic history matching, sensitive analysis is often
performed on full simulation model. In this work, to get new
range of the uncertain parameters (matching parameters) in
which the objective function has a minimum value, sensitivity
analysis is also performed on the proxy model. By applying the
modified ranges to the optimization methods, optimization of
the objective function will be faster and more accurate. So,

Run no. Swarm size Self confidence (C;) Swarm confidence (C;) MSE Run no.  Swarm size Self confidence (C;) Swarm confidence (C;) MSE
Run#1 3000 1.5 2.5 113.132 Run#8 4000 2 2 116.142
Run #2 3000 1.7 23 115.223 Run#9 4000 2.2 1.8 116.789
Run #3 3000 2 2 116.754 Run # 10 4000 25 1.5 118.381
Run #4 3000 2.2 1.8 117.121 Run# 11 5000 15 2.5 112.642
Run #5 3000 2.5 15 119.587 Run # 12 5000 1.7 23 113.285
Run #6 4000 1.5 25 112.802 Run # 13 5000 2 2 115.585
Run #7 4000 1.7 23 113.937 Run # 14 5000 2.2 1.8 115.285
Run # 15 5000 2.5 15 117.285
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Table 8
Performance of the ICA on LSSVM model.
Run no. Revolution Assimilation Assimilation angle MSE Run Revolution  Assimilation Assimilation angle MSE
rate coefficient (B) coefficient () no. rate coefficient (B) coefficient ()
Run#1 0.2 0.5 0.3 143356 Run # 0.11 0.7 04 141.236
11
Run#2 0.2 2 0.7 142.965 Run # 0.2 23 0.8 143.754
12
Run#3 0.12 1 0.5 142.780 Run # 0.14 1.7 0.5 139.987
13
Run#4 0.1 25 0.5 141.324 Run # 0.15 1 0.5 140.327
14
Run#5 0.1 2 0.5 139.721 Run # 0.1 1.5 04 143.540
15
Run#6 0.2 2.5 04 140.013 Run # 0.15 25 03 141.783
16
Run#7 0.1 2 1 140.732 Run # 0.18 2.5 1 143.481
17
Run#8 0.2 1.5 04 140.12 Run# 0.16 1.5 0.4 141.331
18
Run#9 0.15 23 0.5 139.823 Run # 0.2 1.3 0.5 142.471
19
Run # 0.2 2.5 0.6 140.654 Run # 0.1 2 0.7 139.908
10 20
Table 10
Matching parameters achieved from the optimization algorithms.
Parameters LSSVM + PSO LSSVM + ICA
Aquifer porosity 0.044502455 0.0499802
S 100 Aquifer permeability (md) 490.59655812 815.1510
| Aquifer radius (ft) 24,734.9675 23,740.975
g 80 Aquifer height (ft) 1438.803772 1886.7283
= Aquifer compressibility (psi—!) 0.000238368 0.0002408
2 60 Matrix compressibility (psi~!) 9.582 x 1076 8.67 x 1076
B Fracture compressibility (psi~') 0.000153298 0.000154381
= 40 Shape factor (ft=2) 0.03266354 0.026635967
Matrix block height (ft) 78.82779504 60.9488937
20 Pore volume multiplier 0.709300894 0.699201758
0 Fracture permeability (z) (md) f213.5918638 362.0976531
Fracture permeability (x & y) (md) 191.542375 436.8632893
Fracture porosity 0.006230512 0.005529285

g
LS-SVM

ICA
+

LS-SVM

Fig. 15. Column plot of the best performance of the optimization algorithms on
LSSVM Model.

Table 9

The best performance of the optimization algorithms on LSSVM Model.
Performance LSSVM + PSO LSSVM + ICA
MSE 112.642 139.729

outputs of the optimization methods (matching parameters) are
produced in less time and with high precision. Fig. 17 shows the
full optimization objective versus simulation iterations. We see
that using the proxy model initial values reduces the optimiza-
tion iterations needed and results in lower final objective misfit
values than does the direct simulation optimization. Fig. 18
shows the proposed history matching workflow in this paper.
Now matching parameters obtained by each of the optimi-
zation methods are applied in the reservoir simulator. Simulator
outputs which include oil, gas and water rates and well static

pressure are compared with the real data. Figs. 19—23 show
history matching between simulation data and real data ach-
ieved by two different methods. The base case in these figures,
states the quality of history matching results without the use of
proxy. Table 11 shows the performance of the investigated
optimization techniques in history matching. RMSE in this table
expresses the difference between the actual data and simulation
data. LSSVM + PSO has a better performance than LSSVM + ICA
in the history matching process. Figs. 19 and 20 show the gas rate
and oil rate history matching at the field scale. In these figures,
both proposed methods have provided acceptable match. Fig. 21
shows the water rate history matching in the field scale. In this
figure, lack of historical water rate data reduces the effectiveness
of ICA in the water rate history matching. To investigate the static
pressure history matching, we select two wells (Well #1 and
Well #6) from this reservoir randomly. Figs. 22 and 23 show the
static pressure history matching in Well #1 and Well #6
respectively. During production, pressure data registered by the
wellhead gauges is often noisy [28]. The noise in the pressure
data reduces the efficiency of the investigated optimization
methods and proxy model.
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Fig. 16. Comparison of matching parameters obtained from the optimization algorithms.
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After evaluating the results of previous section, we conclude:

e Due to high speed and need for small data sets, LSSVM is the
best tool to build a proxy model.

e PSO as an optimization algorithm has a better performance
than ICA. High-speed operation and small number of tunning
parameters improve the efficiency of PSO.
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Fig. 17. Comparison of objective function optimization with the proxy and
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Table 11 GOC Gas oil contact
History matching performance in simulator outputs. GA Genetic algorithm
Simulator outputs RMSE gbest Global best position
LSSVM + PSO  LSSVM + ICA __ Base case ICA Irr}la.erla!ls.t Competitive Algorithm
Gas Flow Rate (Field) 107.5774 549.3276 785.9 1ot Initial ol in place
as Flow Rate 1€ . .. . 2 .
0il Flow Rate (Field) 31527 1090.5 1305.1 o Kernel width parameter
Water Flow Rate (Field) 6.3433 262527 76.68 af, o  Lagrangian multipliers
Static Pressure (Well # 1)  6.1475 8.8349 63.919 LHS Latin Hypercube Sampling
Static Pressure (Well # 6) 6.3505 161.6939 211.88 LSSVM  Least Square Support Vector Machine
MSE Mean square error

md Millidarcy

Obj Fcn  Objective Function

OwWC Oil water contact

PSO Particle Swarm Optimization
Perm Permeability

pbest  Personal best position

multiplier are determined as the most important matching
parameters in the history matching. These parameters have
the greatest impact on the oil, gas, water rates and the static
pressure.

e The LSSVM as a proxy model reduces the number of required
runs to history matching. It also increases the speed, precision

and ease of the history matching process. psl Pounds per square inch
e The present procedure in this work is effective for history Yt Regularization parameter
matching process due to fast convergence speed and its RMSE  Root mean square error
robust dependability. 1 Self confidence
c Shape factor
Nomenclature g, & Slack variables
Oi Standard deviation
ARE Absolute relative error STB Stock tank barrel
Y Assimilation angle coefficient SVM  Support Vector Machine
B Assimilation coefficient ) Swarm confidence
Ave Average tpay Time in day
R? Correlation coefficient o? Variance

DE Differential Evolution Hp Vertical dimension of matrix
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