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Water coning in petroleum reservoirs leads to lower well productivity and higher operational costs. Adequate knowledge of
coning phenomena and breakthrough time is essential to overcome this issue. A series of experiments using fractured
porous media models were conducted to investigate the effects of production process and pore structure characteristics on
water coning. In addition, a hybrid artificial neural network (ANN) with particle swarm optimization (PSO) algorithm was
applied to predict breakthrough time of water coning as a function of production rate and physical model properties. Data
from the literature combined with experimental data generated in this study were used to develop and verify the ANN-PSO
model. A good correlation was found between the predicted and real data sets having an absolute maximum error percent-
age less than 9%. The developed ANN-PSO model is able to estimate breakthrough time and critical production rate with
higher accuracy compared to the conventional or back propagation (BP) ANN (ANN-BP) and common correlations. The
presence of vertical fractures was found to accelerate considerably the water coning phenomena during oil production.
Results of this study using combined data suggest the potential application of ANN-PSO in predicting the water break-
through time and critical production rate that are critical in designing and evaluating production strategies for naturally
fractured reservoirs. © 2014 American Institute of Chemical Engineers AIChE J, 60: 1905-1919, 2014
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the lift up of the macroscopic water—oil interface just below
the bottom part of a vertical well. In contrast, gravity forces
cause the water to remain below the oil saturated region of
the reservoir. When the dynamic forces at the wellbore sur-
pass the gravitational forces, the water cone develops toward
the perforated part of the well (Figure 1) and finally breaks
into the wellbore in the form of an oil/water mixture.'™
Water coning has been studied by many researchers
worldwide."'® A number of important aspects such as the
critical pumping rate, breakthrough time (BT), and water oil
ratio after breakthrough have been well addressed in the lit-
erature, often based on laboratory tests and/or simulations. A
critical rate corresponding to the maximum rate of oil flow

Introduction

A high recovery factor is achievable in oil reservoirs with
active aquifer support.' However, when high oil production
rates are used, this causes water production through upward
flow merged with oil known as “water coning” where the defor-
mation of water—oil contact happens.' Water coning is a com-
mon problem which reduces oil production and increases water
production treatment requirements, and operational expenses.

Water coning is caused due to the pressure gradients close
to the production well and the imbalance between gravity
and viscous forces. Viscous forces push the oil phase into
the production well with a pressure drawdown.'” The

dynamic pressure distribution near a production well causes
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which is free of water is also reported.'™° If the oil produc-
tion rate becomes higher than the critical rate, then water
breakthrough happens, normally leading to lower oil recov-
ery and lower oil production rate.”'°

The models used to predict the critical rate generally fall
into two categories. In the first category, the critical rate is
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Figure 1. Schematic representation of water coning.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]

calculated through analytical techniques that use the equilib-
rium between viscous and gravitational forces by developing
an oil potential function. However, the methodologies to
determine oil potential differ for various models.*''"~'® For
instance, the Laplace equation was used by Muskat and
Wyckoff11 for single-phase flow; whereas, Chaney et al.'?
and Chierici et al." used potentiometric models. In addition,
Wheatly’s method'* used an oil potential equation and con-
sidered the effect of cone shape. Meyer and Garder® sug-
gested an inexact function assuming a radial flow regime
where they used a simple model to estimate the critical rate
at which the stable cone contacts the well bottom.* An ana-
lytical solution was developed by Abbas and Bass' to com-
pute the critical rate at steady state and pseudosteady state
conditions. In their study, a 2-D radial flow model was used
to solve the corresponding governing equations through aver-
age pressure concept.15 The influence of limited wellbore
penetration on the oil productivity was investigated by Guo
and Lee'® while determining critical rate. Their method was
based on a radial/spherical/combined 3-D flow system where
low conductivity is assumed.'® Empirical models are the sec-
ond group of predictive tools for the critical rate. Schols'’
obtained a model through conducting a series of flow experi-
ments. Also, Hoyland et al.'® derived a correlation to esti-
mate critical rate in anisotropic reservoirs. Their model was
obtained based on several simulation runs through a numeri-
cal simulation technique.'®

Oil fields are typically operated at flow rates greater than
the critical flow rates that are determined using common cor-
relations; otherwise, the field would be uneconomic. If a well
produces above its critical rate, the water cone will break-
through after a certain time period known as ‘“breakthrough
time.”"*'** There are some correlations in the literature
such as Yang and Wattenbarger™ and Rhecam et al.”* to
determine this specific time.”>?® Two of the most common
methods used are the Sobocinski-Cornelius®® and Bournazel-
Jeanson?’ techniques. Both approaches were based on the lab-
oratory data and modeling results. Also, they correlated the
BT with two parameters, namely a dimensionless time and a
dimensionless cone height, respectively.?®?’

Correlations developed for homogeneous reservoirs consider
the effect of vertical permeability in the form of vertical perme-
ability to horizontal permeability ratio (K,/Ky). Presence of
shale seals and compaction phenomenon lower the vertical per-
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meability.l’z’zg’30 However, there are cases such as naturally
fractured reservoirs (NFRs) where the K, /K, is generally higher
than one.'*?%30 High values of vertical permeability due to
presence of fractures accelerate the water coning process that
leads to reduction in the critical rate and also BT."**%°

Empirical models normally include adjustable parameters
which represent a simple 1-D system to predict the critical
rate and production performance of the displacement,'™>2%30
The dilemma here is that such correlations have been nor-
mally obtained for homogeneous porous media and are not
based on comprehensive physics of fluid flow. By contrast,
analytical and numerical predictive techniques contain sound
physical concepts of multiphase flow in porous media. How-
ever, both methods appear to be complex tasks that require
fundamental knowledge of the mechanisms contributing in
the water coning phenomena. In addition, knowing the math-
ematical principles of numerical and analytical solutions is
necessary to develop equations or compute the target varia-
bles. For instance, the number of grid blocks used in the
simulation runs should be fairly high to attain accurate pre-
dictions. This means that the computational effort will
increase and this may lead to divergence issues.

Besides developing predictive tools, core flooding tests are
common for small-scale laboratory modes to investigate
microscopic oil recovery performance and determine opti-
mum production rate.' Experimental data are then used to
evaluate the effectiveness of the enhanced oil recovery
(EOR) technique and predict the reservoir behavior during
the recovery process before any production strategies are
field tested. Noteworthy is the fact that core flood trials are
usually expensive and time consuming.

Some methods have been introduced to diminish the effect
of undesired water in production wells such as (a) maintaining
recovery rate lower than the critical value; (b) perforating far-
ther a well from the original water—oil interface; and/or (c)
injecting cross-linking polymers or gels to make a water
blocking zone around the wellbore.' ¥ However, none of
these techniques can effectively solve the BT impasse.

The artificial neural network (ANN) is considered a robust
smart tool which has been broadly implemented across several
different disciplines to cope with the uncertainties associated
with the nature of materials or processes.’'™> The ANN is
capable of modeling ill-defined, uncertain, and nonlinear phe-
nomena. A notable benefit of using this technique is that it
does not rely on theoretical acquaintance and/or human expe-
rience during the training and testing stages. All unknown
relations are predicted with neural network (NN) rather than
using conventional relationships. A number of evolutionary
algorithms are available such as genetic algorithm (GA), parti-
cle swarm optimization (PSO), imperialist competitive algo-
rithm (ICA), and pruning algorithm (PA) that can be joined
with ANN to find the proper network structures.®> "

In this article, a feed-forward ANN optimized by PSO
was developed to predict the BT and critical rate of water
coning in NFRs. An experimental investigation was also per-
formed to understand the physics of water coning in NFRs
and the effects of fractured porous media characteristics on
water coning. In addition, the experimental phase and the lit-
erature survey about the BT help to determine important fac-
tors affecting BT and critical rate. The PSO algorithm is
used to determine the initial parameter weighting involved in
the NN. The ANN-PSO model developed in this article is
constructed based on the real data (e.g., 90 laboratory data

May 2014 Vol. 60, No. 5 AIChE Journal


http://wileyonlinelibrary.com

points, 40 pilot plant-scale data points, and 30 data points
from the actual reservoir cases) that are acquired from the
current study and from available results in the literature.'>~
19:24.2540-51 The results obtained in this article show the supe-
riority of hybrid ANN-PSO model compared to conventional
ANN model and common equations for estimating BT and
critical rate. In addition, this study can help in choosing an
appropriate production rate for a given petroleum reservoir.

Theory
Water coning

High water cut is prevalent issue during oil recovery from
conventional oil reservoirs which is normally caused by
either the normal rise of oil/water interface or water finger-
ing and water coning. High water cut leads to an increase in
operational expense and decrease in production performance
(less oil is produced).l_5 The majority of predictive techni-
ques for water coning provide an expression and/or proce-
dure for obtaining “critical rate” at which a stable cone
exists from the oil/water interface to the nearby perforations.
However, the theories behind the critical rate are usually
unable to forecast when breakthrough will take place.

A considerable amount of the world’s oil production
comes from the naturally fractured reserves located mostly
in the Middle East and USA.*-°22* This type of reser-
voirs is usually characterized by fractures with high perme-
ability and low porosity.****>* High oil production rates
make the bottom water to push the oil phase to form a cone
causing an early breakthrough into the production well. 43750
Thus, an improved management over the production process
appears to be vital to avoid water coning and also enhance
the oil production. Although water coning has been studied
comprehensively for homogeneous reservoirs, just a few
research works address key aspects of water coning in frac-
tured reservoirs.*' ™ Hence, it seems beneficial to perform
experimental and theoretical research to obtain the critical
production rate and BT for fractured porous systems.

According to Muskat’s methodology,” the water BT due to
water coning in a porous medium is determined as follows

_ 0.33¢.d* 1y In(2d/ry,)

BT
K(P.—Py)

)]

where BT refers to the breakthrough time, ¢, represents the
effective porosity, d is the distance between the drainage
boundary and the wellbore, r, is defined as the wellbore
radius, K is the symbol for permeability, and P, and P, are
the reservoir pressure and the wellbore pressure, respec-
tively. Equation 1 was originally obtained for homogeneous
porous media; however, it can be used for heterogeneous or
fractured reservoirs if the permeability and porosity are
modified for these types of porous media.

For fractured porous systems, Saad et al.*? obtained Eq. 2
for prediction of BT in terms of production rate (g), fracture
aperture (b), and the distance between the gas/liquid inter-
face, and the production well (d.) through modifying Eq. 1

~0.33mbd?
q

BT 2)

There are two main drawbacks of Eq. 2: (1) only one ver-
tical fracture in the experimental study has been used and
(2) the equation does not offer reliable results for oils with
moderate to high viscosity. According to Saad’s results,*?
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fairly big differences were found between the experimental
data and predicted values.

In addition, a numerical modeling simulation was per-
formed by Zamonsky et al’! to investigate the behavior of
water coning with respect to formation characteristics. Based
on the results obtained from several simulation runs, an
equation to compute the water BT was developed.”’

It is important to note that Eqs. 1 and 2 have not been
used to develop the hybrid ANN in this study. The main rea-
sons to address these two equations are as follows:

1. Available correlations (e.g., empirical, analytical, and
statistical) are not proper to predict BT in fractured
porous media as they have been obtained for particular
cases (homogeneous or/and fractured media with verti-
cal fractures). Needless to mention that in the case of
some modifications, they can be used to determine a
rough estimate of BT in oil fractured reservoirs, but the
magnitude of error would be at fairly high level.

2. Effects of input or independent parameters have not
been considered well while deriving the equations.

The two points listed above convey the message that
developing a systematic and accurate method for prediction
of BT and critical production rate is inevitable as the new
technique (e.g., smart tools) presented in our articles captures
the nonlinearity nature of these parameters with respect to
process (or phenomenon) variables.

Artificial neural network

The first wave of interest in ANNs appeared after McCul-
loch and Pitts introduced simplified neurons in 1943 3373735
ANNSs represent computing systems whose main idea has
arisen from the analogy of biological NNs. They stand for
very simplified mathematical systems of biological NNs.
ANNSs have the capability to learn and find the relationships
between independent and dependent variable(s) from sample
patterns to generate consequential solutions to problems even
when the input data include errors or are shortened. Also,
ANNs can process information quickly and adjust solutions
in case if circumstances or system conditions change.>* 7"
In general, ANNSs are effective models to simulate biological
NNs by establishing numerous simple neurons in an efficient
communication manner. The neuron receives inputs from a
single or various sources and generates outputs through sim-
ple computation using nonlinear functions.*—7->

The network structure contains a series of neurons linked
together which are typically arranged in a number of layers.
Each node in a layer obtains and processes input information
from the last layer and transfers its output to neurons in the
next layer by links. Each link has a certain weight, which
indicates connection power. The summation of weights
entered to a node is translated to an output using a transfer
function.”73 The majority of ANNs include three layers or
more; an input layer consisting of input data, an output layer
which produces a suitable answer to the specified input, and
one or more hidden or middle layers that operate as a group
of parameters detectors. A general schematic of an ANN sys-
tem is demonstrated in Figure 2. Obtaining the proper network
structure is one of the most vital aspects, but one of the most
complicated tasks in constructing an ANN model, as well.

There are various NN categories, depending on the specific
characteristics. One of the common classifications is based on
the training algorithm such that supervised and unsupervised
networks are two major categories.>> "> Unsupervised
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Figure 2. A schematic of ANN structure containing
three layers.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]

networks are also recognized as self-organizing ANN plans. In
the unsupervised ANN, no feedback is given during the training
process. However, both input and output data are provided for
the network in the supervised training algorithm and the net-
work is trained on the basis of a feedback.> 7

ANN models need to be trained and then tested. Links
weights are regulated to attain the desired outputs in the
training stage. In the testing process, the precision of fore-
casted output data is assessed using results not used during
the training process. The training and testing stages are iter-
ated through adjusting weighting parameters until the magni-
tude of error is minimized.**~’~> The commonly used error
function is the mean squared error (MSE) as follows ¢78

m 2

P CENC] 3)

k=1 j=1

MSE =

| =

where m is the number of output links, G is the number of
training data points, y}j represents the predicted output, and
yj is defined as the actual output.

The reader is encouraged to see these references for more
details on the ANN technique.33_37’55’58_64

Particle swarm optimization

PSO is a global optimization technique introduced by
Kennedy and Eberhart.*>>®% PSO has been built up from
swarm intelligence, on the basis of studies dealt with the
behavior of bird and fish flock movement. Due to its simplic-
ity and high performance, the algorithm can be used exten-
sively in various fields such as function optimization, neutral
network training, signal procession, process engineering,
reaction engineering, and reservoir engineering.*>®3-%%

Each individual in the PSO algorithm is labeled as a
“particle,” and is subject to a movement in a multidimensional
space corresponding to the belief space. Individuals contain
memory. Therefore, they keep a part of their earlier condi-
tions. Particles have no limitations to maintain the same char-
acteristics in the hyperspace; however, their individual
properties remain unchanged in this case. Movement of each
particle depends on the initial random velocity and two ran-
dom weights based on individual and social effects. The
respectively individual influence causes the particle to revisit
its own best last position and the social effect leads the particle
toward the surrounding’s best previous position. 0368
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According to the fundamentals of the PSO algorithm, par-
ticle swarm contains “n” particles, and the location of each
particle represents the potential solution in the multidimen-
sional space. The particle updates its condition to: (a) main-
tain its inertia; (b) alter its condition based on its optimum
status (individual); and (c) adjust the condition on the basis
of the swarm optimum position (social).>*>®® Following
the above procedure as shown in Figure 3, the velocity of
each particle is calculated as follows® %

vf-‘+1=w vf-‘+c1 M (p?es‘—sf)+c2 2 ((gBem—sf) 4

where v{-‘is the velocity of particle i at iteration k, w presents
the weighting function, ¢; is the weighting factor, /; is the
random number in the range of 0-1, sf" is the current position
of particle i at iteration k, and pP**and g®* are the individ-
ual best position of particle i and global best position for the
surroundings or group, respectively.

The weighting function normally used in the PSO algo-
rithm i8¢
(Wmax —Wmin )iter

(6))

W=Wmax — -
iter max

Here, “wna” presents the initial weight, “wy,,” is the last
weight, “itery,,,” is the maximum number of iteration, and
“iter” is the current iteration number.

The current position of the particle is updated as follows

k1 ko ket
s; =si (6)

65-68

Further information regarding the PSO algorithm can be
found elsewhere.?>02~%%

Start

Generate of initial population

Assess search point of each particle

Modify particle velocity

l

NO

wn iteration ?

YES

Figure 3. Schematic of the PSO algorithm.

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]
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Figure 4. Schematic diagram of the experimental
setup.

[Color figure can be viewed in the online issue, which
is available at wileyonlinelibrary.com.]

Experimental Work

Several experimental trials were conducted to cover the
lower end of the reservoir spectrum and also explore more
aspects (e.g., physics and effect of fracture) of water coning
in fractured porous media (Figure 4). The data produced in
these experiments in conjunction with the results from 100
additional water coning tests (e.g., 30 laboratory data, 40
pilot plant data, and 30 actual reservoir data) reported in lit-
erature were used in this study.!>~19-2%25:40-51

An experimental study using a particular set-up was per-
formed by the authors of this article to further investigate
important aspects (e.g., physical concept and effect of frac-
ture) of critical rate and BT during production, prior to
implementation of the hybrid ANN model. When the ANN
model was formulated, all the data borrowed from open liter-
ature plus the experimental dataset of the current research
were used in the modeling approach as input data. It is
important to note that the data taken from other works
include laboratory scale and large world scale cases. Also,
the physical models in these studies are different in terms of
geometry, properties, and dimensions. These differences
exist in the form of various values for permeabilities, critical
rate, and distance between drainage boundary and the pro-
duction well. This novelty of the ANN model is in its poten-
tial to train with combining wide ranges of data from the
real world and experiments. The data used in model training
cover whole spectrum of the main parameters.

Experimental setup

The experimental setup is made of the following compo-
nents (see Figure 4): (a) a rectangular porous system; (b)
glass beads to act as the porous medium; (c) certain net-
works of fractures; (d) high-definition video-recording and
high-resolution digital-imaging facilities; (e) a peristaltic
pump with variable injection and production rates; (f) a digi-
tal balance to weigh the withdrawn liquid; and (g) a vacuum
apparatus to remove dissolved gas from the test liquids. The
setup is schematically shown in Figure 4.

The porous media system is composed of transparent to
flow porous media created by placing glass beads in a rec-
tangular in shape box made of glass plates. The physical
model has three holes in its bottom for water injection and
one hole on the top as the production well. The fractures are
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constructed by milling grooves on Plexiglas strips of known
lengths with a thickness which is equal to that of the model.
Each fracture is covered by a wire mesh to prevent glass
beads from entering into the fracture space. The fractures are
used in various orientations and patterns in a fracture net-
work embedded in a matrix of surrounding glass beads. The
matrix porosity and permeability are in the ranges of 33—
40% and 20-100 Darcy, respectively. The fracture aperture
is varied between 0.5 and 2 mm. In addition, the physical
models used have dimensions ranging from 40 to 80 cm
(height) X 80-180 cm (width) X 1-10 cm (thickness). It
should be noted that the presence of fractures is indicated
with black strips in Figure 4.

Test liquids

Immiscible oil and water are used to study the behavior of
water coning in fractured media produced through vertical
wells. Two types of oil with different properties are used in
the experiments as shown in Table 1.

Experimental procedure

Four ports (each two in one side) are used to provide oil
from a large oil storage tank for the physical model to simulate
an infinite fractured reservoir at steady state condition. This
design also removes the boundary limitation introduced by the
physical dimensions anyways. Therefore, all four valves con-
nected to the oil tank are kept open during the production pro-
cess. Moreover, three ports at the bottom of the model are
used to sustain continuous water supply from a water container
at steady state condition. It should be noted here that experi-
mental runs were performed at the temperature of 28°C.

The experimental procedure is as follows:

1. First, the porous model equipped with a particular frac-
ture network is filled with glass beads, and then the
porous system is flooded with water from the bottom
side. Then, the oil is injected from both right and left
sides of the physical model. The initial thickness of oil
layer and the water/oil interface position can be simply
varied within a wide range through changing the rates
of oil and water injected to the fractured model.

2. The outlet valve of the model is opened to produce oil
at a constant recovery rate. The peristaltic pump is
used to produce the oil from the fractured models. A
broad range of production rates is applied to each cer-
tain fractured medium during the experiments.

3. The rise in the horizontal oil/water interface is
observed as the oil is produced from the production
well. To noticeably see the water—oil contact (WOC)
movements during the experimental trials, the water is
colored with food dye.

4. The point at which gas/liquid interface commences to
form a cone is determined. The distance between the
producing well and the cone apex corresponds to the
critical radius (r).

5. For each trial, the water BT is recorded. Observations
of water cone development and measurements of oil

Table 1. Properties of Test Fluids Used in the Experiments

Type of Fluid Viscosity (cp) Density (gr/cc)
Kerosene 1.95 0.80
Gasoline 0.46 0.72
Water 1.01 0.99
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production are conducted every 15 s until the water cut
is approximately 95%.

6. The above steps are repeated for various rates, fracture

aperture sizes, and fluid types.

Although, the experimental study reported in this manu-
script was carried out by the authors in the ambient (or labo-
ratory) conditions, the ranges of pressure and temperature
that the majority of the data (taken from other studies) have
been obtained at are 1.0-800.0 atm and 20-160°C, respec-
tively. These intervals are typical for most of conventional
light oil reservoirs in the world.

ANN-PSO Model

Prior to implementing the ANN-PSO modeling, the pro-
duction rate (¢), model height or oil zone thickness (H), and
the ratio of fracture to matrix permeability (K¢/K,,) are
selected as the input variables for the ANN network, based
on the experimental investigation, literature review, and
determination of key physical parameters of the water coning
process in fractured media. Normally, the ANN consists of
three important steps, namely training, selection, and testing.
The training process is used to train the network, the second
stage to stop overtraining process, and the testing phase is
used to ensure that the system results after network selection
are generalized appropriately.

The available data (both real world and experimental) are
divided into two series including, a training data set and a
testing data set. During the training process, the aim is to
determine the optimum values for the weights of the links in
the network layers. If the number of weights is greater than
the number of available data, the magnitude of error in fitting
the nontrained data primarily lowers; however, it increases as
the network turns out to be overtrained. On the contrary,
when the number of weights is lower than the number of data
used, the possibility of over fitting issue does not exist.

The size of data in the training phase should be optimized
to remove pointless data for the cases where lowering the
data points does not considerably affect the precision of pre-
dictions. Optimization of the number of hidden neurons is
also carried out to drop off the time required for the ANN to
forecast the objective variable. The PSO is developed to
optimize the NN and the MSE is used to measure the fit of
the optimization. The objective in the proposed hybrid
ANN-PSO is to minimize the error in the specific algorithm
proposed in this study.

Before starting the ANN-PSO implementation, the param-
eters are normalized to be able to account for differences in
dimensions and type (e.g., production rate and height). The
following expression is used to normalize the data values so
they fall between —1 and +1

Z(Xi ~Xmin )

X.=
I (xmax —Xmin )

-1 @)

where X; represents the normalized value of the parameter
“x;”, and Xax and X, are the maximum and minimum mag-
nitudes in all observations for that study. Statistical parame-
ters such as the coefficient of determination (R?), MSE,
minimum absolute percentage error (MIPE), and maximum
absolute percentage error (MAPE) are used in this study to
evaluate the performance of the ANN models.

The best ANN architecture for the case under study (e.g.,
BT) was determined to be 3-7-1: three (3) input neurons,
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seven (7) hidden neurons, and one (1) output neuron. ANN
model was trained using back propagation (BP) network
through the Levenberg-Marquardt method to predict the
amount of BT (one output) from three input parameters
namely, the height (H), the fracture to matrix permeability
ratio (K¢/K,,), and the flow rate (¢). The transfer functions
are sigmoid and linear in the hidden and output layers,
respectively. Further details about the procedure of ANN
modeling along with the MATLAB code are given in
Appendix A.

Results and Discussion

In this article, an ANN optimized with PSO was used to
develop a predictive tool to find the value of BT during pro-
duction process in fractured media if water coning occurs.
Data used in this study were obtained from various reports
and/or articles available in the literature (100 data points)
and from the experimental work (60 data points) conducted
to cover whole spectrum in implementing a comprehensive
ANN-PSO modeling.15_19’24’25’40_5 ! These data have been
obtained from the trials that include the porous media with dif-
ferent fracture patterns. A part of the water coning results is
presented in Appendix B. Gathering the experimental data
from dissimilar sources, this study envelops wide ranges of flu-
ids properties, and porous media with different characteristics.

Experimental work

The experimental trials were performed with different
fracture and matrix permeabilities. As a sample, the produc-
tion data of the porous systems (one homogeneous and two
fractured systems) with matrix permeability of 30 Darcy and
matrix porosity of 37% are provided in this article. The frac-
tured porous media have K/K,, of 10 and 40, respectively.

It is observed in all experiments that oil/water interface
goes upward gradually, in the form of a uniform horizontal
plane, and then at a specific distance or radius from the pro-
duction point, this contact begins to moves toward the pro-
duction well that leads to formation of a cone. The coning
process exacerbates and rapidly arrives at the producing
well, resulting in production of oil and water jointly. It is
also concluded that the critical radius is not dependent on
the location of the primary oil/water interface.

The BT vs. production rate for the homogeneous and frac-
tured porous systems are illustrated in Figure 5. The compari-
son of these porous systems with respect to BT shows that the
presence of fractures causes earlier breakthrough as it
increases the effective vertical permeability, leading to forma-
tion of an easy path flow for the water and oil phases. It is also
found that higher fracture permeability results in lower value
of BT, meaning that lower recovery factor at breakthrough is
attainable. Figure 6 also describes the production behavior of
homogeneous and fractured porous models with respect to BT
at various oil zone thicknesses during the oil recovery.
According to this figure, increasing oil zone thickness
increases the BT; however, this increase is lower in the frac-
tured porous medium compared to the unfractured one.

The ANN-PSO technique

Data selection is an essential stage in the training process
to enhance the performance of an ANN model. It is impor-
tant to choose good training data that cover all the possible
conditions of water coning phenomenon. System complexity
is a central feature in determining the required quantity of
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data for ANN modeling.*>***® ANN performance strongly
depends on the quality and precision of the data used. There-
fore, the selected data for ANN training should have the
maximum accuracy and the minimum improbabilities.
Choosing a representative data series including all the com-
plexities and nonlinearities of the system behavior under
study will help assure prediction accuracy.>>*>~®® Here, it is
presumed that the sample data, combination of the real world
and experimental data, selected for the ANN model statisti-
cally represent the system.

Parameters affecting dataset size in the ANN consist of
the problem type, complexity, possible relationships between
factors, user experience, precision, network type, and time
required to solve the problem. In ANN applications, data
selection is normally performed randomly. If the size of
training data is very small, the results of network may not be
reliable. Therefore, a proper number of data can guarantee
the validity of the both training and testing stages. Data not
previously used should be used in testing phase. In this

300
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il Zone Thickness (H), [em]

Figure 6. BT for fractured and unfractured models vs.

oil thickness (Matrix permeability: 30 Darcy,

Matrix porosity: 37%).

[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]
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study, we used 120 data points (40 experiments and remain-
ing from the literature) for training and 40 data for testing.
The ranges of oil zone thickness, oil viscosity, production
rate, ratio of fracture permeability to matrix permeability,
and density difference are 0.3-65 m, 0.4-35 cp, 0.5-8000
STB/day, 2—-150, and 0.01, 0.55 g/cm3, respectively.

In this study, both feedforward ANN system and com-
bined ANN system were examined to predict BT. According
to the results obtained, although the latter model attained
better forecasts for the training stage, the improvement was
really low. On the other hand, finding the optimum ANN
structure and conducting training stage is more difficult and
also lengthy in terms of time, compared to the similar proce-
dure in feedforward ANN model using BP. In addition, the
joined feedforward-feedback (or recurrent) ANN exhibited a
little lower predictive performance (about 1.5%) than the
feedforward system during the testing and validation stages.
The reason might be that the combined system should con-
vey the information from back to forward and vice versa,
leading to be confused and/or unstable when the target func-
tion (e.g., BT) has multiple local minima. Given the above
justification, the feedforward ANN model combined with an
evolutionary algorithm (PSO) was chosen for the purpose of
BT prediction.

As explained previously, the PSO was considered in this
study to optimize the developed NN system. The weights of
the network training phase were chosen as variables of an
optimization problem. The MSE was implemented as a cost
function in the PSO algorithm. BP is a gradient descent
algorithm on the error space which most likely gets trapped
into a local minimum making it entirely dependent on initial
settings (weights). This shortcoming can be removed if an
evolutionary algorithm such as PSO that has global searching
ability is used. The main goal to apply the PSO algorithm
was minimizing the cost function. Every weight in the net-
work was initially set in the range of (—1, 1). The ANN-
PSO model was trained by 50 generations, followed by a BP
training technique. The learning coefficient and momentum
correction factor were set at 0.7 and 0.001, respectively, for
the BP training algorithm.

The ANN-PSO model was tested with 3, 5, 6, 7, and 8
neurons in the hidden layer. The results achieved while using
various numbers of hidden neurons are tabulated in Table 2.
The accuracy degree of the predictions was improved when
the number of hidden neurons was increased from 3 to 7. It
was found that the network does not show enough degrees
of freedom to learn the process perfectly, when 3, 5, and 6
hidden neurons were assigned to the hidden layer. However,
a decline in the performance of ANN-PSO was observed at
hidden neurons of 8. Thus, the optimum value for the hidden
neurons is determined 7, as it takes a long time for the
ANN-PSO model at 8 hidden neurons to learn and probably
the data are over fitted.

The same procedure was followed for other parameters of
the ANN algorithm. Using the trial and error technique, the
optimum network of the ANN-PSO model has 20 swarms.
The ¢; and ¢, were obtained as 2 each. Also, 0.45 and 0.55
were considered for /1, and A, parameters, respectively. The
maximum value for the inertia weight factor was taken as
0.9; whereas, the final (minimum) value of the velocity iner-
tia was set at 0.4.

To evaluate the capability and dominances of the hybrid
ANN-PSO algorithm, a back propagation neural network
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Table 2. Performance of the ANN-PSO in terms of the Number of Hidden Neurons

Training Testing

Number of

Hidden Neurons R’ MSE MIPE (%) MAPE (%) R’ MSE MIPE (%) MAPE (%)
3 0.8136 0.0941 7.4568 145176 0.7425 0.1523 10.7892 15.5186
5 0.8792 0.0672 6.6679 12.8634 0.8693 0.0742 9.1963 13.4951
6 0.9443 0.0415 5.7437 9.5273 0.9531 0.0495 8.4321 11.1764
7 0.9785 0.0287 3.5042 7.4052 0.9207 0.0266 6.7592 9.8552
8 0.9351 0.0463 5.7894 9.9867 0.8796 0.0499 8.9356 12.1113

(ANN-BP) was built with the same data used in the ANN-
PSO model. The performances of the training and testing
phases were examined by plotting real data and predicted
BT vs. number of samples as shown in Figures 7 and 8,
respectively, for the ANN-BP and ANN-PSO models. As
clearly seen, the model predictions obtained from the train-
ing process are in a good agreement with the real water con-
ing data for both networks (Figures 7 and 8), though ANN-
BP does not exhibit a reasonable performance in estimating
BT over the testing stage. This implies that training the
ANN system by PSO can results in better outputs, compared
to the conventional ANN (Figures 7 and 8).

A comparison of predicted BT using ANN-BP and the
observed BT is presented in Figure 9. The predictions that
match real values should be placed on the diagonal line
(Y =X). Although, the training stage shows an acceptable
match between predicted and real results (R* =0.9438),
the testing performance of ANN-BP to estimate of the objec-
tive variable in this study is not satisfactory (R*=0.9062;
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Figure 7. Measured vs. predicted BT for the ANN-BP
model: (a) training and (b) testing.
[Color figure can be viewed in the online issue, which is
available at wileyonlinelibrary.com.]
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Figure 9). Figure 10 in the form of a scatter diagram shows
ANN-PSO outputs vs. the real data. A high correlation
between observed and predicted magnitudes of BT is observed
in Figure 10 as the correlation coefficient (R%) values are
0.9913 and 0.9888 for the ANN-PSO training and testing
phases, respectively. As seen in Figure 10, all the data lie in
the line of ¥ =X which proves the precision of the ANN-PSO
model. It was found that the ANN-PSO has the potential of
not being trapped in the local optima. The main reason is that
the ANN-PSO model has global searching ability of the PSO
as well as local searching ability of the BP.

The high value of R? gives initial impression that ANN-
PSO technique is constructive and applicable to predict behav-
ior of water coning in fractured porous media. An ideal pre-
diction has an R?> of one (1). However, a correlation
coefficient of one does not essentially show a perfect predic-
tion, though R? is a good indicator of an ANN performance in
practice.56‘57 It also offers an easy means to compare the per-
formances of various ANN models. However, other statistical
parameters such as MSE, MIPE, and MAPE are required to
examine the effectiveness of an ANN system.’®>’ To have
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apposite comparison, Table 3 lists Rz, MSE, MIPE, and
MAPE to validate the developed NNs. The parameters
R*=10.9888, MSE = 0.02397, MIPE = 3.4%, and MAPE =
8.9% for the ANN-PSO are obtained in contrast to R*> =
0.9062, MSE = 0.03657, MIPE = 6.3%, and MAPE =11.2%
for the ANN-BP, showing superiority of the ANN-PSO model
in prediction of BT. Thus, it is concluded that using an evolu-
tionary optimization strategy like PSO demonstrates an excel-
lent performance in terms of convergence rate and achieving
global optima.

The plots of MSE against number of epochs are shown in
Figures 11 and 12 to demonstrate the performances of the
ANN-PSO and ANN-BP models, respectively. The curves
within the figures show the relationship between the testing,
training, and validation phases initiated for estimation of BT
during oil production from fractured systems. As designated
with brown circles on Figures 11 and 12, the best efficiency
for the validation stage was obtained at MSE = 0.03657 which
was characterized with epoch of 11 for the ANN-BP model,
while the ANN-PSO model experienced the paramount per-
formance (MSE =~ 0.02397) for the validation process when
the number of epochs is set at 8. According to Figures 11 and
12, the convergence rate of the proposed algorithm (ANN-
PSO) is noticeably greater than that of the ANN-BP model.

A sensitivity analysis was carried out for the ANN-PSO
model through the analysis of variance (ANOVA)
method’®7 by testing the influence of the independent varia-
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bles [e.g., flow rate (¢) and height (H)] on the dependent
variable (e.g., BT). The outcome of this analysis is summar-
ized in Figure 13. The greater dependence between any input
parameter and the output parameter implies superior impor-
tance of that variable on the extent of the dependent factor.
As shown in Figure 13, the production rate has the largest
effect on the value of BT. As the production rate increases,
the breakthrough occurs earlier, leading to the reduction of
the BT. This is consistent with often published results.'™°
Increasing fracture to matrix permeability (K¢/K,,) also
results in lowering the value of BT. When the reservoir
height or oil zone thickness increases, it takes longer time
for the water to breakthrough. The three observations and
results are physically logical.

The same methodology was followed to accomplish ANN
modeling for critical production rate. The variables in the
input layers are oil zone thickness or height (H), fracture
permeability to matrix permeability ratio (K¢/K,), density

Table 3. Statistical Performance of the ANN-PSO Model vs.
ANN-BP Model

Parameters ANN-PSO ANN-BP
R? 0.99 0.91
MSE 0.024 0.037
MIPE (%) 34 6.3
MAPE (%) 8.9 11.2
Published on behalf of the AIChE DOI 10.1002/aic 1913
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difference (p,, — po,) and oil viscosity (u,). A satisfactory
match (R2=0.992; MSE = 0.048) was observed between the
estimated values and the actual data when the hybrid ANN
model was used. To keep the manuscript in an acceptable
size, only the results attained from ANN-PSO and ANN-BP
models in the testing stage are presented in Figure 14.
Again, superiority of PSO-ANN with respect to the conven-
tional ANN is confirmed. Figure 14 shows the effectiveness
of the hybrid smart technique in terms of statistical analysis
very well and the results of the training phase do not seem
necessary for the purpose of comparison and performance
evaluation. To determine the relative significance of the
main variables affecting the critical rate, the ANOVA tech-
nique was used. The importance weight of the input parame-
ters includes height or thickness of oil zone (37%),
permeability ratio (28%), density difference (20%), and vis-
cosity (15%)

Although, the main objective of this work was to demon-
strate the potential of ANN to learn the functional relation-
ship between input and output parameters affecting fluid
displacement during water coning in fractured systems, this
work launches a foundation for implementation of NNs in
prediction of production performance of heterogeneous reser-
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Figure 12. MSE vs. number of Epochs to check valida-
tion of ANN-PSO model.

[Color figure can be viewed in the online issue, which
is available at wileyonlinelibrary.com.]
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voirs containing vugs and fractures, which will be a part of
our future study.

In production engineering, determination of critical pro-
duction rate and BT appears to be important while designing
and/or operating a production well. Having accurate values
for these two important parameters is inevitable to obtain
efficient oil flow rate and recovery factor in terms of
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technical and economic perspectives. Such an investigation
and the predictive connectionist modeling study provide vital
information for chemical (or process) engineers while work-
ing with petroleum engineers on the engineering design of
surface and subsurface facilities involved in oil production
operations. Given further clarifications, production rate sig-
nificantly affects the power required for pumps, size of pipe-
line, design of surface equipment, and safety regulations,
resulting in considerable variations in capital and operational
expenses. In general, this study covers various practical
applications as well as research areas such as production
engineering, process engineering and transport phenomena in
porous media.
Example
Given an oil fractured reservoir with the following informa-
tion. Calculate the BT and the critical production rate.
Data: Oil density (p,)=0541 glem’; water density
(pw) = 0.995 g/cmj; oil viscosity (1,) = 1.2 cp; matrix perme-
ability (K,,) = 500 mD; fracture permeability (Ky) = 2000 mD;
oil zome thickness (H)= 65 m; production rate (q)= 3500
STB/day, temperature (T) = 55°C; pressure (P)= 120 atm.
Note: STB stands for the standard barrel.
Solution. As discussed in the text, the BT is a function of
oil thickness, production rate, and ratio of fracture perme-
ability to matrix permeability. The normalized values of
these parameters are obtained using Eq. 7 as follows

Oil thickness (H): X;= 22—l 1= 2603 —1=0,081

Production rate (¢): X,= % —1= —0.125

Ratio of fracture permeability

L R
(KilKu): X3= (152 —1 & —0.97

to matrix permeability

The critical production rate is also dependent on oil thick-
ness, oil viscosity, ratio of fracture permeability to matrix
permeability, and density difference. The variables are nor-
malized as below

1=209703) 10081

Oil thickness (H): X;= A& tmn) 120-03)

(Xmax —Xmin )

Oil viscosity (uy): Xo= 2&2:(&? —1~ —0.95

Ratio of fracture permeability to matrix permeability (K¢/K,):
— 204-2) _ _

Density difference (py, — po): X4= 2281%5%?)1) —1=0.65

To predict the BT and critical production rate, the above
points are placed in the training part. Then we can use the
MATLAB toolbox or the MATLAB code written by the
authors to compute the output parameters. Using the MAT-
LAB toolbox, the following results are obtained:

BT = 385 days
Critical production rate = 5476 STB/day

Practical implications

Nowadays, management of petroleum reserves needs the
high-technology implements. Using such tools may lower or
increase the cost of production and development of oil and
gas reservoirs. However, the oil companies are always look-
ing for strong tools with low expenses. Smart techniques
such as ANN models have capability to address a number of
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problems such as critical production rate and BT in produc-
tion engineering that conventional methods are not capable
to explain through an efficient, reasonably priced, and accu-
rate manner. Furthermore, the ANN systems supply a practi-
cal solution to the problem of converting basic data of
reservoirs and production to important parameters (e.g., criti-
cal rate and gas/oil ratio). Petroleum and chemical engineers
can benefit from connectionist modeling when sufficient
engineering data are not available for design and analysis
purposes, but where a large amount of production history is
attainable. It should be also noted that shortage of required
engineering data might be due to high expenses of well test-
ing, core flooding, and so forth.

To be specific, a better understanding of water break-
through phenomenon and accurate estimation of critical pro-
duction rate and BT for oil reservoirs offer the petroleum and
chemical engineers suitable rules of thumb for optimization of
oil production conditions. This helps in minimizing the
amount of water in the production and surface facilities,
resulting in reduction of cost of separation that is attainable in
the case of a successful engineering design. For instance, our
study can assist skilled engineers to know the most important
parameters affecting the critical rate and BT, leading to regu-
lation of the operating conditions to delay the water break-
through in the production stream. Taking another example, it
is not easy to obtain the exact value for the critical production
rate based on field tests. However, reservoir properties (e.g.,
thickness and permeability) are usually available to determine
a safe range for oil production rate. From the modeling and
test results, it was found that the classic methods like the
approach developed by Muskat and Wyckoffi>*'" are not
valid where there are highly fractured reservoirs with high oil
flow rates as the conventional techniques or empirical equa-
tion predict the BT and critical rate 20-25% greater than the
actual values. It can be concluded that the NN model can aid
in making key decisions on oil formations particularly frac-
tured ones while producing oil. Thus, the outcomes of this
research and predictive tools come into sight to be helpful in
the design phase of more proficient production processes.

Conclusions

This study presents a novel application of the ANN tech-
nique to predict water coning in fractured porous systems.
The ANN-BP and ANN-PSO models were developed to
forecast the output parameters after the input parameters
were used to train and test the models. The BT was defined
in terms of production rate, oil zone thickness, and fracture
permeability to matrix permeability ratio. Based on the
results of this study, the following conclusions can be made:

1. Different network structures were examined using BP
and PSO to minimize the value of error. For this case,
the most successful network architecture included one
sigmoid hidden layer and one linear output layer. The
hidden layer contained seven neurons.

2. The model predictions were compared with the real
data, indicating an acceptable agreement as the absolute
maximum error is below 9% for the ANN-PSO model.

3. A high density of vertical fractures characterizes the
worst case scenario for a fractured reservoir during oil
production due to rapid growth of water coning. This
condition is associated with the porous medium whose
vertical permeability is much higher than the horizontal
permeability, leading to early water breakthrough.
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. The performance of the ANN-PSO model in estimating

BT is better than that of the conventional NN model
that uses only the BP technique.

. ANN-PSO has the capability to avoid of being stuck in

local optima while forecasting the BT as this developed
model has both global and local searching abilities.

. The ANOVA technique confirmed that the production

rate has the most significant impact on the BT even in
fractured media, while critical production rate is mostly
affected by the oil zone thickness and permeabilities
ratio.

. The conventional techniques such as Muskat and

Wyckoffl’s model**!'! are not suitable to estimate criti-
cal oil rate in fractured reservoirs because the values
predicted by the classic model are 20-25% higher than
the real ones.

. The proposed NN structure was obtained through trial

and error procedure. An alternative technique is
required so to combine with the PSO algorithm to opti-
mize the NN structure.
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Notation

Acronyms

ANN = artificial neural network
ANOVA = analysis of variance

BP = back propagation
BT = breakthrough time

EOR = enhanced oil recovery

FL = fuzzy logic
GA = genetic algorithm
ICA = imperialist competitive algorithm

MAPE = maximum absolute percentage error
MIPE = minimum absolute percentage error
MSE = mean squared error

NN = neural network

OWC = oil-water contact

PA = pruning algorithm
PSO = particle swarm optimization
STB = standard barrel

WOC = water—oil contact
WOR = water oil ratio

Variables

b = fracture aperture, mm or cm

BT = breakthrough time, s
cy, ¢, = trust parameters

QU

distance between drainage boundary and wellbore, cm or m

. = distance between gas/liquid interface and production well, cm

or m

G = number of training samples

global best position
oil zone thickness, cm or m

itery,,, = maximum number of iterations
iter = current number of iteration

= permeability, Darcy or mDarcy

K; = fracture permeability, Darcy or mDarcy

K., = matrix permeability, Darcy or mDarcy
m = number of output nodes
n = number of samples
P. = reservoir pressure, Pa or atm
P,, = wellbore pressure, Pa or atm
pPt = individual best position of particle i

1916

¢ = production rate, cm3/s or m3/s

DOI 10.1002/aic

coefficient of determination

I'w wellbore radius, cm or m
re. = critical radius, cm or m
s¥ = current position of particle 7 at iteration k
v,ﬁf = velocity vector of particle 7 at iteration £, m/s or cm/s
w = weight inertia
Wmax = maximum weight inertia
Wmin = Mminimum weight inertia
X; = normalized value of the parameter “x;”
X; = output or input variable
Xmax = Maximum value of output or input variable
Xmin = Minimum value of output or input variable
¥ = predicted output
yj = actual output

Greek letters

/; = random number corresponded to particle i
1o = oil viscosity, cp or kg/ms
po = oil density, g/em® or kg/m®
pw = water density, g/cm® or kg/m®
¢. = effective porosity
Subscripts
¢ = critical
e = effective
f = fracture
i = particle i
m = matrix

max = maximum
min = minimum

o= oil

w = well

Superscripts

a = actual

p=

predicted.
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Appendix A: Method of ANN-PSO Modeling

In several engineering and science problems, it is not easy to
find the precise relationship between input variables and target
function (output parameter) through statistical, analytical model-
ing and numerical modeling tools. The problem may raise due
to high nonlinearity of the phenomenon (or process) under study
as well as lack of enough knowledge about process physics and
mathematical methods. On the other hand, the corresponding
tests to measure the target parameters might be costly and time
consuming. Thus, developing a fast and reliable technique to
estimate target function(s) is inevitable. Nowadays, ANN models
are recognized as strong predictive tools to forecast important
parameters in engineering and science disciplines. The ANN
system mainly includes two stages, namely training and testing.
It also contains three types of layers, including input, hidden,
and output. The layers have various numbers of processing neu-
rons. Each neuron in the input layer is associated to entire neu-
rons in the hidden and output layers through weights. The
numbers of input and output neurons are usually determined
based on the problem physics, available data, and targets defined
by researchers. A fairly large number of real data (including
inputs and outputs taken from laboratory tests, pilot plant runs,
and real cases) are collected from various sources in the open
literature. A part of the data may also be provided by the
researchers who are conducting the corresponding research
work. It should be noted that the real data are generally gathered
from laboratory data, pilot plant data, and real plant data (even
accurate modeling outputs are sometimes used). Therefore, it is
logical to cover wide ranges of input and output parameters so
that the developed model is applicable to the actual cases (or
processes) in the world. After collecting the required data, they
are split into training and testing parts through a random man-
ner. In general, 70-80% of the data are assigned to the training
stage and the rest goes to the testing stage. Then, the training
process is performed to find the appropriate relationship between
inputs and output(s) through determination of the optimum mag-
nitudes for the weights of the connections in the ANN structure
layers. The ANN parameters are obtained at this stage as a rea-
sonable accuracy is achieved in terms of statistical analysis
(e.g., Rz, MSE, MIPE, MAPE). After the training stage, the data
assigned (just inputs, not outputs) for the testing phase are put
in the model to predict the target parameter(s). To examine the
performance of the ANN system, the predicted outputs are com-
pared with the measured (or real) data. It is clear that a good
agreement is noticed if the ANN model parameters are opti-
mized well throughout the training phase.

Needless to mention that if one provides the magnitudes of
the input parameters for a known case (or process), the model is
able to predict the target parameter(s), accurately.

In the current study, we followed the same procedure as the
total number of 160 data (60 data points from the tests con-
ducted by the authors + 100 data points taken from the open lit-
erature including real world) were used to construct the hybrid
ANN model. The training phase was implemented using 120
real data points to find out the most suitable relationship
between the target parameters (e.g., BT and critical rate) and
input variables such as height (H), the fracture to matrix perme-
ability ratio (K¢/K,), and flow rate (g). After the optimum values
for the connection weights were determined at the training stage,
the testing process was performed to examine the accuracy of
the developed ANN model through comparing the estimated val-
ues with the measured (or actual) ones. At this stage, the predic-
tive tool has been built and no more experimental works or
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measurements are required to predict the outputs such as BT
and critical production rate if the magnitudes of input variables
are available for an oil reservoir. Although the program code
written by the authors has a strong capability to estimate BT
and critical production rate for various oil reservoirs, the MAT-
LAB toolbox can be also used for this purpose as follows:

1. First type “nnstart” in the Command Window of
MATLAB.

2. This command can be launched to “Neural Network
Start.”

3. This MATLAB page includes various wizards (e.g.,
Input-Output and Curve Fitting Tool, and Pattern Rec-
ognition Tool) to solve different kinds of problems.

4. For our case, “Input-Output and Curve Fitting Tool”
is selected.

5. Then, a page is opened for selecting input and output data
from a file. We can load total data from an Excel file.

6. After loading the data, the MATLAB toolbox randomly
takes 70—75% of the data for the training, 15-20% for the
testing, and 10—15% for the validation phases.

7. Before starting the training stage, the characteristics
of the ANN network (e.g., number of hidden layers,
hidden neurons, etc.) should be put in the MATLAB
window. We can use the defaults for this part, as
well. If a good solution (or accuracy) is not obtained,
it is possible to return the page and make changes on
the magnitudes of parameters through trial and error
procedure until high R* and low error percentage are
attained. In the current work, the PSO technique is
used to determine the optimum values of the parame-
ters without the trial and error technique.

8. When the training part is finished, the toolbox gives
you the opportunity to plot performance figures and
have the statistical parameters to examine the model
accuracy.

Table B1. A Part of Measured Data Used in
ANN-PSQ15-19:24.25,40-51

H (cm) g (cm’/s) KiK., BT (s)
5 0.8 15 10
10 0.8 15 29
15 1 15 47
20 0.8 15 60
25 1 15 80
30 0.7 15 110
35 1 15 140
40 0.7 15 180
15 6 15 9
20 6 15 15
25 6 15 21
30 5 15 28
35 5 15 40
40 5 15 56
10 0.42 25 6.5
20 0.42 25 15
30 0.45 25 33
40 0.6 25 51
10 15 25 5
20 15 25 10
30 15 25 25
40 15 25 46
10 7.9 25 2.5
20 7.9 25 3.8
30 7.9 25 7.5
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9. Then, the testing and validation stages are run. This
part provides the outputs for corresponding input vari-
ables. If an acceptable precision is attained, it means
that the ANN model is properly built.

10. Now, if just input variables from a certain reservoir
are given, the model can predict the BT and critical
production rate without performing relevant tests. The
method is the same, just new data points are added to
the testing part and the program is run. If the new
input data are within the range of old previous data,

the ANN model estimates the output parameters with
high confidence and accuracy.

Also, engineers and researchers can use the MATLAB code
developed by the authors, upon request.

Appendix B: Real Data

Table B1 presents a part of the measured data that were used in
the ANN-PSO model.

Manuscript received Nov. 5, 2012, and revision received Nov. 29, 2013.

AIChE Journal May 2014 Vol. 60, No. 5§ Published on behalf of the AIChE DOI 10.1002/aic 1919



	l
	l
	l

