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ABSTRACT
The exploitation of the gas from tight gas reservoirs has been increasing due to the
advances in unconventional gas technologies and depletion of conventional gas resources.
Drilling horizontal wells and using hydraulic fractures are needed to produce economically viable
amounts from tight sands. In this research, optimization of a hydraulically fractured horizontal
well placed in naturally fractured tight gas sand reservoir systems was studied. A commercial
reservoir simulator coupled with artificial neural network (ANN) in order to create an expert
system that can be used to design an efficient stimulation strategy. Reservoir simulation was used
in order to generate production profiles of the reservoir system which was, then, used to train the
artificial neural network system. The ANN developed in the project consists of two parts: forward
and inverse processes. In the forward process, an input data set which includes well and
completion design parameters and reservoir properties are used to create an ANN toolbox in order
to predict the production profile. In the inverse process, several design parameters and the desired
production profiles were introduced as the input data in order to create an ANN toolbox to
estimate the optimum design parameters. It is found that in both expert systems, functional links
play a significant role in the success of the ANN tool. The results estimated by this developed
toolbox can be used as preliminary information about the production profiles or the required
wellbore and fracture design parameters for different cases.
This study showed that natural fracture permeability is the principal factor that
determines the magnitude of the production. For this reason, the ANN toolbox is sensitive to a
larger range of natural fracture permeability. In addition, conductivity of the natural fractures and
the hydraulic fractures are important factors affecting production.
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Chapter 1

INTRODUCTION
As the conventional gas resources are depleted, unconventional gas resources such as
deep natural gas, tight gas or coalbed methane reservoirs are gaining importance. Tight gas is a
term used to describe natural gas which is locked in highly impermeable and highly nonporous
rock formations. Unlike conventional natural gas, substantial recovery from tight gas reservoirs is
significantly more expensive as it requires methods such as fracturing and horizontal drilling.
Because of the fact that tight gas formations have horizontal alignment and the formation
surface area exposed to the vertical wells is not large enough for sufficient gas recoveries, a
horizontal well needs to be drilled in order to increase the contact area between the well and the
reservoir. Placing hydraulic transverse fractures in a horizontal well will increase the contacted
reservoir surface area furthermore.
During this study, a commercial reservoir simulator is used to generate production
profiles of typical tight gas sands, by varying fifteen parameters within a predetermined range.
Each case has randomly selected values from 9 reservoir properties including reservoir thickness,
matrix permeability,

natural fracture permeability, matrix porosity, porosity of the natural

fracture, reservoir temperature, initial reservoir pressure, natural fracture spacing and specific
gravity in addition to six design parameters such as length of the horizontal well, specified
wellbore pressure , number of transverse fractures, permeability of the transverse fracture,
drainage area and half length of each transverse fracture. After simulating a large number of cases
with 15 aforementioned variables, generated production profiles were characterized by curve
fitting. A hyperbolic equation is used for representing the production profile and is shown below:

2
(1.1)

The three coefficients (a, b and c) represent the production profile generated from the simulator.
By using ANN technology, a data set was trained to be able to estimate the production
profile coefficients for a given reservoir. ANN is a multi-dimensional interpolator which has
multiple layers and neurons, transfer functions, functional links, an input layer and an output
layer. It uses these tools in order to be able to understand the relation between the 15 different
input variables and output variables. By using this system, the production profile or the design
parameters of a given tight gas reservoir within the parameters of the range studied can be
obtained in an efficient manner.
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Chapter 2

LITERATURE REVIEW

2. 1 Tight Gas Reservoirs
Tight gas sands are highly impermeable, highly nonporous gas reservoirs.
Conventionally, the permeability of a reservoir rock needs to be less than 0.1mD in order to be
classified as a tight gas reservoir. They are mostly found at high pressures and their thickness is
commonly around 300-500 ft. They are also one of the three types of unconventional

reservoirs namely tight gas, coalbed methane and shale gas. However, tight gas makes up the
bulk of unconventional gas production in the USA and its production has grown at a higher
rate than other unconventional gas reservoirs [Wattenbarger, 2002]. Almost 20% of the gas
production in the USA comes from tight gas reservoirs [Holditch, 2006].

Figure 2.1: Unconventional gas production in the USA -Historical data &forecast- (adapted from
Energy Information Administration (2005))

Proven reserves in tight gas reservoirs in the USA are 34 TcF and most of the production
is from Rocky Mountains [Holditch S.A, 2006]. Figure 2.2 shows the locations of the tight gas
reservoirs in the USA.
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Figure 2.2: Major tight gas reservoirs in the USA (from Energy Information Administration
(2009))
In tight gas reservoirs, because of the low permeability, the pressure gradients are low
and hence the gas production is low. Horizontal wells and hydraulic fractures are placed in

order to increase the productivity of this class of reservoirs. As the length of well or the
number of hydraulic fractures increases, the contacted reservoir surface area increases.
Therefore, length of the horizontal well and hydraulic fractures as well as the drainage area
might play an important role in increasing the production [Medeiros, 2007]. Furthermore,
natural fractures play a key role in increasing the production as well [Wattenbarger, 2002].

2. 2 Horizontal Wells
Vertical wells are insufficient in producing substantial amount of gas from tight gas
reservoirs. Because of the reservoirs’ horizontal alignment, horizontal wells are able to reach a
greater contact area with the reservoir which increases the production.
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Figure 2.3: Production profiles for horizontal well and vertical well for different reservoir
permeability

The graph at the left in Figure 2.3 shows how the production can be increased as much as
10 times more by using horizontal well instead of vertical well. The length of the horizontal well
is 2410 ft and is equal to 2/3 of one side of the square shaped drainage area whereas the contact
length of the vertical well is only equal to the thickness of the reservoir which is 100 ft.
In Figure 2.3, the graphs show the production profiles from the reservoirs which have the
same properties except for their permeability. The permeability of the second reservoir is 1mD
whereas for the first reservoir it is 0.001mD. As it can be seen, the difference between the
cumulative production of the vertical well case and the horizontal well case is smaller at the
second graph as expected. This shows that horizontal well loses its importance at higher reservoir
permeability.
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Figure 2.4: Sensitivity analysis for horizontal well length

Figure 2.4 shows the increase in production for different horizontal well lengths. The
reservoir is square shaped and each curve represents the production profile from the horizontal
well placed in the reservoir. From lower production to higher production the horizontal well
length is 1/3, 1/2, and 2/3 of one side of the drainage area in order.

2.3 Transverse Hydraulic Fractures
For most tight gas sands non-fractured horizontal wells are not economically attractive.
An important way to increase the production by increasing the contact area with the reservoir is
fracturing the horizontal well [Wei, 2005]. This work covers only transverse hydraulic

fractures instead of longitudinal fractures because multiple transverse fractures can be placed
in a horizontal well which increases the production. Figure 2.5 shows that the contacted
reservoir surface area is substantially higher when a horizontal wellbore is placed and the
reservoir is artificially fractured.
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Figure 2.5: Maximizing reservoir contact (adapted from www.nextbigfuture.com)

According to [Medeiros, 2007], project economics of producing from tight reservoirs
depends strongly on well spacing and number of hydraulic fractures in order to drain them
efficiently and very often drainage can be limited to the contacted surface area with the horizontal
well and the hydraulic fracture.
By increasing the number of transverse fractures, the production can be increased.
However, by increasing the number hydraulic fractures furthermore, production will start to
converge to a maximum production profile. The number of the fractures needs to be optimized
due to the high cost of fracturing.
Hydraulic fracturing is an expensive method but it can help the production increase
substantially [Sadrpanah, 2006]. Taken into account that the cost of a 1000 ft long fracture half
length can be $175,000 [Schweitzer, 2009], several parameters of the horizontal well as well as
the transverse fracture need to be optimized for each tight gas sand reservoir type such as the half
length of the fracture, conductivity of the transverse fracture and the number of fractures.
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2.4 Optimization of Number of Fractures
The number of the transverse hydraulic fractures needs to be optimized due to the high
cost associated with the multi-stage fracturing. The optimum number of fractures can be
determined by observing the production rate increase with each additional fracture [Bagherian ,
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Figure 2.6: Effect of number of fractures on cumulative production

It can be seen from Figure 2.6 that increase in production decreases with each additional
transverse fracture.
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2.5 Naturally Fractured Reservoirs

Figure 2.7: Naturally fractured rocks (adapted from www.ccreservoirs.com)

Naturally fractured reservoirs consist of 2 different domains as micro-pore and macropore. Micro-porous structure (matrix) has smaller permeability and larger porosity than macroporous structure (fractures). Fractures act like channels which can easily transport the gas which
is received from the matrix.

2.6 Dimensionless Conductivity of Hydraulic Fracture in Single Porosity Reservoirs
One of the important parameters in increasing the production of a tight gas well is the
conductivity of the fracture. There is no need to increase the permeability of the hydraulic
fracture once its dimensionless conductivity becomes infinite. There are several formulas for
calculating the conductivity. However, the following formula can be used in calculating the
dimensionless conductivity [Cipolia, 1988]:

(2.1)
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In Equation 2.1,
hydraulic fracture,
permeability and

is the dimensionless conductivity,

is the permeability of the

is the width of the hydraulic fracture,

is the average bulk

is the length of the hydraulic fracture. Conductivity is assumed to be infinite

when the dimensionless conductivity is equal or greater than 100 according to the Equation 2.1.
However, this equation can only be applied to the single porosity reservoirs and ignores the
natural fractures.

2.7 Conductivities of Natural Fracture and Hydraulic Fracture
Equation 2.1 is valid only for single porosity reservoirs and ignores the effect of natural
fractures. In a dual porosity system, if the permeability of the hydraulic fracture is higher than the
permeability of the matrix, it does not necessarily mean that the hydraulic fracture will stimulate
the production. The conductivity per unit length of the hydraulic fracture needs to be higher than
the conductivity per unit length of the natural fracture in order to increase the production
substantially. The following formula can be used to check whether the conductivity per unit
length of the hydraulic fracture is higher than the conductivity per unit length of the natural
fracture:
(2.2)

In Equation 2.2,
hydraulic fracture,

is the permeability of the hydraulic fracture,

is the permeability of the natural fracture and

is the width of the

is the natural fracture

spacing.
An example can illustrate the importance of the superiority of the conductivity of the
hydraulic fracture to the conductivity of the natural fracture. In this example, natural fracture
spacing (100 ft), permeability of the natural fracture (0.01mD) and the fracture width (0.1 ft) are
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fixed and the permeability of the hydraulic fracture is varied. From Equation 2.2, it is found that
the conductivity per length of the natural fracture is 1mD-ft. Table 2.1 lists conductivities for
different hydraulic fracture permeabilities.

Table 2.1: Conductivity list

-

Conductivity
per length
of the
Hydraulic
Fracture
(mD-ft)
-

Conductivity
per length
of the
Natural
Fracture
(mD-ft)
1

10

0.1

1

1

3

100

0.1

10

1

4

1000

0.1

100

1

5

10000

0.1

1000

1

Case

Hydraulic
Fracture
Permeability
(mD)

Width
(ft)

1

-

2

Cumulative production of the reservoirs that are represented in Table 2.1 is shown in
Figure 2.8. Each case is represented by the same color that it has in Table 2.1. In Figure 2.8, it can
be seen that production increase from the first case to second is very small although a hydraulic
fracture is created. The hydraulic fracture represented in case 2 did not stimulate the production
significantly because its conductivity per unit length is same as the conductivity per unit length of
the natural fracture (1mD-ft). However, in the third and fourth cases, there are significant
increases because the conductivity per length of the hydraulic fracture is higher. In the fifth case,
there is not much increase because of the fact that the hydraulic fracture has become almost
infinitely conductive.
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Figure 2.8: Effect of the relation between conductivity of hydraulic fracture and natural fracture
on production profile.

2.8 Effect of Other Reservoir Properties and Design Parameters on Production Profile
The role of number of fractures, hydraulic fracture permeability, natural fracture
permeability and well length are already discussed in Chapters 2.1-2.7. In this chapter several
design parameters and reservoir properties such as drainage area, reservoir thickness, matrix
permeability and porosity will be studied in terms of their contribution to the production. Their
effects on production are illustrated in Figure 2.9.
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Figure 2.9: Top left: Effect of drainage area on production; Top Right: Effect of reservoir
thickness on production; Bottom left: Effect of matrix permeability on production; Bottom right:
Effect of porosity on production.
In Figure 2.9, we can see the effect of several parameters on production profile. The
graph which is at the top left shows that production increases when drainage area increases from
200 to 400 acres. Length of the horizontal well for each case is equal to the half of one side. As
for the graph at the upper right, it can be seen that there is a slightly linear proportionality
between reservoir thickness and its effect on production. At the bottom left, the y axis of the
graph is on logarithmic scale which shows that the production changes significantly with
permeability change. Lastly, the graph at the bottom right shows the effect of the porosity on the
production profile.
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2.9 Reservoir Simulation
Reservoir simulators are developed in order to understand the movement of fluids within
a reservoir once a wellbore is placed. With the use of reservoir simulation techniques, we are able
to better understand the fluid-flow dynamics in the reservoir as well as the wellbores or several
flow patterns [Ertekin, 2001].
In a reservoir simulator, there can be several gridding techniques, several numerical
methods can be applied and various physical and mathematical assumptions can be made. In this
project, grids are rectangular and finite difference method is applied. Moreover, conservation of
mass, isothermal fluid phase behavior and approximation of Darcy’s law in porous media are
assumed. Compositional behaviors are ignored. Only a single horizontal well with specified
wellbore pressure is placed in x-direction inside a square shaped drainage area with constant
reservoir thickness and isotropic and homogeneous reservoir properties.
Black oil toolbox of a commercial simulator1 is used in this research. The toolbox
ignores the chemical composition of the fluid and heat transfer [www.reservoirengineering.com].

2.10 Overview of Artificial Neural Networks (ANN)
Artificial Neural Network is an imitation of our biological nervous system for scientific
purposes [Artun, 2008]. The living creatures need to learn in order to adapt to different
conditions. They receive signals by means of neurons which are interconnected to each other by
synapses. The human brain has about 1011 neurons whereas an artificial neural network system
has incomparably fewer neurons.

1

CMG is used as commercial reservoir simulator.
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A biological neural network has 3 main components such as dendrites, soma and axon.
Dendrites receive the signals, soma weighs and sums them and axon transports them. Signals are
transmitted via synapses from one cell to another. Having been shaped by the neurons, the signals
are transmitted to the brain.

Figure 2.10: Schematic drawing of biological neurons (from Hagan et al., 1996)

By mimicking the biological neural network, artificial neural network becomes a
practical and advantageous tool in the sense that the system is able to recognize different input
signals that it has never seen before [Artun, 2008].
Interpretation of a signal by the neuron has 3 processes. The neuron receives the output of
other neurons as input through synapses. The inputs are given different weights which are found
during iterative training process. To give an example, the inputs can be numbered as X0, X1…Xn
and the weights can be expressed as W0, W1… Wn. Secondly, 'Σ' summarizes X0W0 + X1W1 +

16
XnWn and finally 'Σ' is modified by a transfer function ‘F’ in soma. The axon gives the output as
y0, y1...yn. [Artun, 2008 and Parada, 2008].

Figure 2.11: Schematic drawing of biological neurons (adapted from Wikimedia)

Artificial neural networks are used in several areas such as signal processing, data
mining, finance, decision making etc [Ali, 2006].
The structure of artificial neural networks can be divided into two as multi-layer neural
network and single-layer neural network [Parada, 2008]. Single-layer neural networks do not
have hidden layers but only input layer and output layer. However, multi-layer neural networks
have one or more hidden layers. Expectedly, multi-layer neural networks require more time for
training.
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Figure 2.12: A simple multi-layer neural network (from United States Geological Survey (2003))

2.10.1 Training
Training process is performed to establish an understanding of the relationship between
the predetermined inputs on the predetermined outputs. In order to train a neural network, firstly a
set of input data is entered into input layer. The weights are initially set to zero or close to zero by
default. After summing up the product of the input and weights, the predetermined output data is
estimated via using transfer functions. The weights are changed in each iterative process until the
output estimations can match the initially entered output file.
It is important that data set covers a representative set of range of input parameters. The
input data set is normalized between -1 and 1 before training.
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2.10.2 Transfer Functions
The response of neurons is scaled by transfer functions. There might be more than one
transfer function between each layer. However, in this project only one function is used between
each layer.
The simplest function is linear transfer function which does not change the input ‘n’. The
output ‘a’ can be calculated as:

(2.3)

A constant ‘b’ (bias) can be added to the function as a weight. Then the function
becomes:

(2.4)

The linear transfer functions are demonstrated in Figure 2.13.

Figure 2.13: Linear transfer function (adapted from Hagan et al., 1996)
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Sigmoid functions are nonlinear and very powerful. Hyperbolic sigmoid functions are
used in back propagation method because they are differentiable, and hence require less
computational time. As shown in Eq. 2.5 the log-sigmoid function scales the output to values
between 0 and 1.

(2.5)

Figure 2.14: Log-Sigmoid Transfer Function (adapted from Hagan et al., 1996)

The hyperbolic tangent sigmoid function scales the output values to a range between -1
and 1 as shown in Eq. 2.6 and illustrated in Figure 2.15.

(2.6)
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Figure 2.15: Hyperbolic tangent sigmoid function (adapted from Hagan et al., 1996)

Some other useful transfer functions are shown in Figure 2.16.

Figure 2.16: Transfer functions (adapted from Hagan et al., 1996)
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In this project, only tansig, logsig and purelin functions are used as transfer function.

2.10.3 Multilayer Feedforward Networks with Back Propagation
Back propagation method (generalized delta rule) is a method that minimizes the total
squared error of the output. It is used for multilayer networks. Feed forward networks always
connect the neurons in forward direction [Artun, 2008].
For multilayer networks with two hidden layers, multilayer-perceptron (MLP) networks
estimate the output from Eq. 2.7:

(2.7)

Where yk is the kth response variable; xi is the ith input variable; f1 and f2 are the activation
functions (transfer functions); Nh is the number of hidden nodes; Ni is the number of input
features; wjk is the weight from jth hidden node to kth output node; vij is the weight from ith input to
jth hidden node; and b0 and b1 are the biases of the layers (Kaviani, 2007).

22

Figure 2.17: A Feed forward back propagation neural network with one hidden layer (from
Kaviani, 2007)
At the end of the first iteration, there will be error between the estimated and the actual
values. These errors will be used in adjusting the weights and the Eq. 2.7 will be repeated with
new adjusted weights until the error reduces to a very small value [Ali, 1994].
The optimum number of neurons can be estimated by Eq. 2.8. However, this is not the
real optimum number but the estimated optimum number of neurons [Artun, 2008].

(2.8)

Where NHN is the optimum number of neurons, NI is the number of inputs, No is the
number of outputs and NTP is the number of training patterns.
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2.10.4 Convergence and Training Efficiency
Convergence (decreasing error values) needs to be achieved in order for artificial neural
network to be successfully trained. Overtraining takes place when the error between the
estimation and the predetermined output starts to increase. When overtraining takes place
validation set is used. Validation set is run simultaneously with the training set. If overtraining
occurs, the training stops, and the values for the validation set are taken when the error values
were minimum. [Parada, 2008]
The number of neurons, layers, transfer functions and functional links need to be adjusted
if the training is unsuccessful.
The training speed can be increased in order to decrease the training time. However, it
will lead to fluctuations in estimation [Parada, 2008].
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Chapter 3
STATEMENT OF THE PROBLEM

Due to the depletion of conventional resources and improving unconventional gas
technology, tight sand reservoirs are increasing by becoming important. However, tight sand
reservoirs are difficult to produce due to low porosity and low permeability characteristics of the
reservoir. Artificial and natural fractures are of utmost importance in producing from this class of
reservoirs.
Vertical wells are not sufficient to increase the production of a tight sand system.
Therefore, transversely fractured horizontal wells are usually placed in the system. In order to
generate the production profile of a double porosity tight sand system where a transversely
fractured horizontal well is placed, several important parameters need to be considered. Those
parameters can be divided into two groups as design parameters and the reservoir characteristics.
Estimating the production profile by writing a new simulator takes a great deal of time.
However, the production profile can be estimated in a rapid manner by using artificial neural
network technique once the system is trained.
In this project, a commercial simulator is used where large number of production profiles
is generated for different reservoir systems. These production profiles are used in training
artificial neural network toolbox.
With this toolbox, the production profile or the optimum design parameters for any
relevant reservoir can be estimated if the reservoir properties fall in between the predetermined
range.
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Chapter 4
DEVELOPMENT OF THE MODEL
The development of the model studied in this research can be divided into four phases:
data generation, reservoir simulation, curve fitting and ANN construction.
Part1: During the data generation, a data set which represents the typical reservoir and
design parameters is prepared.
Part2: In this phase using the input data generated, numerous production profiles are
created with the help of a commercial reservoir simulator.
Part3: Curve fitting is applied to transform the production profiles into a set of equations
where the constants of the generated equations can then be used as the output of the ANN in the
forward method and as the input of the ANN in the inverse method.
Part4: Having the input and output data set, an ANN toolbox is developed in order to
estimate the production profile and design parameters via forward method and inverse method,
respectively.
Several reservoir properties were studied to mimic the characteristics of different
reservoir systems. Some of the most important reservoir properties which affect the production
profile are reservoir thickness, porosity of the natural fracture, matrix porosity, natural fracture
spacing, matrix permeability, natural fracture permeability, initial reservoir pressure, reservoir
temperature and specific gravity. These factors are considered as input parameters both in
forward and inverse ANN methods. However, in inverse ANN method, temperature, initial
reservoir pressure and specific gravity of the gas are ignored. Number of input and output
parameters is decreased in inverse method in order to increase the accuracy and speed of the
training.
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Parameters that are not natural properties of the reservoir but associated with the well and
completion design are referred herein as design parameters. Design parameters are drainage area,
horizontal well length, permeability of the vertical fracture, fracture numbers, specified wellbore
pressure and the vertical fracture length. However, in the inverse method, specified wellbore
pressure is taken as constant. Therefore, one design parameter and three reservoir properties that
are studied in the forward process are not included in the inverse process.

4.1 Data Generation
A representative input data set needs to be generated within a predetermined range.
Figure 4.1 shows the range for each parameter.
Matrix permeability is taken very low as it is a tight sand reservoir. Specific gravity of
methane is normally 0.55. Given that residual gas is not 100% methane, the range of specific
gravity is taken as between 0.52 and 0.56. Tight gas reservoir pressures are normally high.
However, lower initial reservoir pressures are taken into account as well. Permeability of the
natural fracture is taken as between 0.01mD and 10 mD. Due to the fact that natural fracture
permeability is the principal factor in determining the production profile, artificial neural network
is found to be very sensitive to it. Hence, neural network is trained twice; first for a range of small
natural fracture permeability values (0.01-0.1 mD), second for a range of high natural fracture
permeability values (0.1-10mD). The range for the horizontal well length is between 1/3rd and
2/3rd of the length of a square shaped drainage area. The maximum fracture number is found by
dividing the horizontal well length by 400 ft which assumes spacing between transverse fractures
can be as low as 400 ft. Specified wellbore pressure range is between atmospheric pressure and
1/5th of the initial reservoir pressure.
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Figure 4.1: Ranges for the reservoir and design parameters for forward ANN toolbox andtwo
sample systems.
For the inverse method, reservoir temperature, initial reservoir pressure, specific gravity
and specified wellbore pressure are taken as constant. The range for the matrix permeability is
between 10-9 mD to 0.1mD and the range for the natural fracture permeability is between 10 -9 mD
to 10 mD. On the other hand, vertical fracture permeability is taken between 10000 mD and
100000 mD. The range for vertical fracture permeability is smaller because in the inverse method
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vertical fracture permeability is an output parameter which is not easy to estimate. All the other
parameters in the inverse method have the same range as the forward method.

4.1.1 Data Generation for Forward ANN Toolbox
There are 9 reservoir properties and 6 design parameters which make up 15 parameters in
total. Forward ANN Toolbox is trained twice: first for small natural fracture permeability case,
the latter for high natural fracture permeability case.
For the small natural fracture permeability case, the natural fracture permeability ranges
from 0.01 to 0.1 mD. The input data set has 82 samples which are taken randomly and used for
training, validation and testing.
Figures 4.2-4.9 illustrate the generated data values for the smaller natural fracture
permeability case. The figures show that the values are selected randomly and they represent the
desired range.
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Figure 4.2: Natural fracture permeability values
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Figure 4.3: Drainage area values vs. reservoir thickness values

Figure 4.3 shows the drainage area and reservoir thickness values which are distributed randomly
as desired.
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Figure 4.4: Matrix permeability values

Figure 4.4 shows the 82 randomly distributed matrix permeability values.
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Figure 4.5: Initial reservoir pressure values vs. reservoir temperature values

Reservoir temperatures increase from 120 ºF to 280 ºF by 40 ºF increments.
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Figure 4.6: Number of fractures vs. horizontal well length values

As expected, the number of transverse fractures decreases when the horizontal well
length decreases.
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Figure 4.7: Matrix porosity vs. fracture porosity
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Fracture porosity is lower than matrix porosity.
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Figure 4.8: Natural fracture spacing vs. specific gravity values

Specific gravity values for natural gas are increased by 0.02 increments.
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Figure 4.9: Initial reservoir pressure vs. specified wellbore pressure values
Specified wellbore pressure values are taken as between 14.7 psia and 1/5th of the initial
reservoir pressure.
As it can be seen in Figures 4.2-4.9, the values are randomly selected and they represent
the range the project aims to cover.
The randomly selected data for the large natural fracture permeability case is shown in
Appendix A. The natural fracture permeability values vary from 0.1 to 10 mD in that case. 417
sets of runs are made 82 out of which are randomly selected and used for training, validation and
testing.

4.1.2 Data Generation for Inverse ANN Toolbox
As stated before, 4 out of 15 design parameters and reservoir properties that were
considered in forward method are ignored in inverse method. Therefore, only 11 parameters are
considered. In this method, natural fracture permeability has a larger range whereas vertical
fracture permeability has a smaller range compared to the forward method. The reason behind
this is that vertical fracture permeability becomes an output parameter in inverse method and
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estimations are more accurate when the range for the output parameter is smaller. Similarly, the
range for natural fracture permeability is larger in the inverse process where it is an input
parameter.
There are 392 runs 100 out of which are randomly selected and used for training,
validation and testing. The Figures B.1-B.5 in Appendix B show the range covered for the
parameters in the inverse method.

4.2 Reservoir Simulation
Having the input values, reservoir simulation needs to be carried out in order to generate
production profiles. A commercial simulator is used for reservoir simulation.
In order to check whether the simulation code2 is written correctly, the code was tested
with a similar case from another paper that studies a reservoir in which a transversely fractured
horizontal wellbore is placed [Hudson, 1992]. The results matched.
A generic code3 is written to receive the reservoir and design parameters for a large
amount of cases and to run the simulator for 3600 days and extract the production profile from
the simulator for each case.
The code receives the reservoir and design parameters and writes the generic code such
that it is able to calculate each grid size. The grids are rectangular and their sizes are calculated by
taking the horizontal well length, number of fractures, length of the transverse fracture, reservoir
thickness and dimension into account. The thickness is uniform.

2
3

CMG is used as the commercial simulator.
MATLAB is used for writing a generic code that would run CMG for the entire data set.
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Figure 4.10: Reservoir from top

Figure 4.10 shows the top view of a reservoir that has four transverse fractures and one
horizontal well placed in X direction. ‘a’, ‘b’, ‘c’, ‘d’ and ‘e’ coefficients are used in order to
write a generic code for all cases. ‘a’ represents the distance between horizontal well and the edge
of the horizontal well. ‘d’ represents each transverse fracture. ‘e’ is spacing between the
transverse fractures. ‘b’ is half length of the hydraulic fracture and ‘c’ is the distance between
hydraulic fracture and the edge of the drainage area. These coefficients are calculated by using
the reservoir and design parameters.
The grids are refined in order to avoid the errors in mathematical calculations during
simulation. The grids near the hydraulic fractures are furthermore refined. Hydraulic fractures are
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placed by creating new blocks of 0.1 ft width. Wellbore radius is fixed as 0.4 ft. There is no skin
factor and the wellbore pressure is specified for all cases.
PVT tables are generated automatically by entering reservoir temperature and the specific
gravity. Gas saturation is taken as 1 whereas oil and water saturation is taken as 0. Rock
compressibility is taken as close to 0.

4.3 Curve Fitting
The production profiles are generated via simulator. However, before training in artificial
neural network they need to be characterized.

Figure 4.11: A production profile example
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Figure 4.11 shows a typical production profile example that needs to be characterized. A
curve fitting method characterizes the production profile into an equation. There are several curve
fitting methods such as hyperbolic curve fitting or power curve fitting. Different types of curve
fitting methods need to be applied and the curve fitting method with the best representative form
of equation needs to be selected. The selected equation needs to fit into most of the production
profiles created by the simulator. Moreover, the equation needs to help training as well.
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Figure 4.12: Fitted curves

Figure 4.12 shows the fitted curves for the production taken from the simulator data.
Apparently, power and hyperbolic fitting suit better for this case rather than exponential method.
The production profile in Figure 4.12 is generated from a reservoir that has parameters as follow:
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Table 4.1: Reservoir Properties
Properties
Area (acres)
Reservoir Thickness (ft)
Matrix Permeability (mD)
Matrix Porosity
Reservoir Temperature (F)
Initial Reservoir Pressure (psia)
Length of the Horizontal Well (ft)
Natural Fracture Permeability (mD)
Vertical Fracture Permeability (mD)
Number of Fractures
Wellbore Pressure (psia)
Natural Fractures Spacing (ft)
Specific Gravity
Length of the Vertical Fracture (ft)
Fracture Porosity

681.79624
309
1.9281E-07
0.235
200
1021
2051.6108
3.8386947
6978231.3
6
62.683362
292
0.54
1983.0511
0.013

Table 4.2: Constant values for different curve fitting methods
a

Hyperbolic

b

6.98E+08 10.50891

c

d

R²

0.399931

-

0.991959

Exponential 2.07E+08

-0.17416

63745905

0.00121

0.978924

2.61E+08

-0.31515

-1.3E+07

-

0.99007

Power

'a', 'b', 'c', 'd' values are constants for different methods and 'R2' is the correlation
coefficient. Table 4.2 shows the coefficients of the curves that are shown in Figure 4.12.
Hyperbolic fitting for this case is the best option because the correlation coefficient is closer to 1.
The equation for the hyperbolic method is:

(4.1)
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The equation for the power method is:

(4.2)

The equation for the exponential method is:

(4.3)

In Equation 4.3, y is the gas production (SCFD/day) and t is time (day).

Typical ‘a’, ‘b’ and ‘c’ values received from hyperbolic fitting are as follow:

Table 4.3: Typical hyperbolic curve fitting constants
a

b

c

1

1.9E+09

0.050966

1.137361

2

4.43E+08

1.023076

0.438598

3

5.93E+10

43.42136

0.657467

4

4.69E+09

0.204681

1.311277

4.4 Development of Artificial Neural Network Toolbox
Artificial neural network toolbox of a commercial code4 is used for training. There are
important factors during training such as entering a representative input, optimizing the size of

4

MATLAB’s extension of ANN is used for training.
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the data set, functional links, transfer functions, number of layers and number of neurons in each
layer.
During the development, initially only a few parameters were considered. Figure 4.134.20 show the results of a successful training of an input set of 6 variables.

Figure 4.13: ANN results for an input set of 6 variables (Example -1-)
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Figure 4.14: ANN results for an input set of 6 variables (Example -2-)

Figure 4.15: ANN results for an input set of 6 variables (Example -3-)
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Figure 4.16: ANN results for an input set of 6 variables (Example -4-)

Figure 4.17: ANN results for an input set of 6 variables (Example -5-)
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Figure 4.18: ANN results for an input set of 6 variables (Example -6-)

Figure 4.19: ANN results for an input set of 6 variables (Example -7-)
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Figure 4.20: ANN results for an input set of 6 variables (Example -8-)

As it can be seen in Figures 4.13-4.20, the ANN predictions are almost accurate for an
easier case. However, as the number of parameters increase, training becomes more difficult.
Below, there is a result of an unsuccessful training:
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Figure 4.21: ANN results for an input set of 13 variables

Figure 4.21 shows an example of bad training. In order to optimize training to avoid
wrong estimations, artificial neural network code needs to be strengthened.

4.4.1 Development of Forward Artificial Neural Network Toolbox
In forward artificial neural network, production profile similar to that found after curve
fitting needs to be estimated with small error values. Reservoir properties and design parameters
are entered as input and the production profile constants are entered as output.
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Figure4.22: Input and output files of the forward ANN method

In the forward method, 3 hidden layers are put in which there are 35, 29 and 30 layers in
successive order. The optimum number of neurons was found by trial and error method. The
transfer functions between the layers are tansig, logsig, tansig and purelin in successive order.
Similarly, they were found by trial and error method. The output functional links are given in
Table 4.4:
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Table 4.4: Output functional links used in forward method
Functional Links
1

Production at Day 1

2

Production at Day 470

3

Production at Day 1080

4

Production at Day 2580

5

Square of Initial Reservoir Pressure

6

Exponential of Fracture Porosity

7

Logarithm of Initial Pressure

8

Specified Wellbore Pressure / Initial Reservoir Pressure

9

Matrix Permeability / Natural Fracture Permeability

10

Matrix Permeability

11

Length of the Horizontal Well

12

Natural Fracture Permeability / Spacing Between Natural Fractures

13

Length of Hydraulic Fracture

14

Natural Fracture Permeability / Constant ‘a’ Taken From the Fitted Profile

15

Constant ‘a’ Taken From the Fitted Profile

Natural Fracture Permeability
Number of Transverse Fractures

Spacing Between Natural Fractures

Natural Fracture Permeability

The input functional link is:

(4.4)
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These functional links are determined by experience. As stated earlier, the early stage of
training started only with a few parameters. Initially, functional links are optimized for systems
with fewer parameters. Once the results become satisfactory, the design parameters and reservoir
properties are increased and this way the functional links are optimized each time the number of
an input parameter is increased. Similarly, at each step the number of neurons, layers and the
transfer functions are adjusted as well.
It is obvious that the most important parameter that affects the production, and hence the
training is the natural fracture permeability. Natural fractures act like channels which cover the
entire reservoir. Therefore, even though the matrix permeability is low, the production increases
substantially due presence of natural fractures. For this reason, natural fracture permeability
values are the most difficult ones to be studied. As it can be observed, natural fracture
permeability values are used commonly in the functional links. Moreover, as stated before the
artificial neural network is trained twice: one for lower permeability case, the other one for higher
permeability case.
Moreover, putting the production values at different times as functional links was very
helpful as well. For this toolbox, generally natural fracture and design characteristics are put in
the functional links in addition to the production values at different times.
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Figure 4.23: ANN structure of the forward method

In Figure 4.23, h is thickness, km is matrix permeability, Øm is matrix porosity, T is
reservoir temperature, Pi is initial reservoir pressure, kn is natural fracture permeability, spacing is
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natural fracture spacing, SG is specific gravity, Øn is natural fracture porosity, A is drainage area,
HW Length is wellbore length, # of fractures is number of transverse fractures, k h is hydraulic
fracture permeability, Psp is specified wellbore pressure.
In Figure 4.23, the nodes between the neurons represent the mathematical relation
between each neuron. Each node represents a transfer function. Because this is a feedforward
system the nodes are directed from left to right. Only a limited number of neurons and nodes in
between are shown. In reality, there are nodes between each neuron between successive layers.

4.4.2 Development of Inverse Artificial Neural Network Toolbox

Figure 4.24: Input and output files of the inverse ANN method
In the inverse method, after having the ‘a’, ‘b’ and ‘c’ constants from the hyperbolic
curve fitting, these values need to be entered in the input file and design parameters need to be
estimated. These estimated design parameters are matched with the relevant design parameters
that were used before the simulation.
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In the inverse ANN, tansig, tansig, tansig and purelin are used as transfer functions. 36,
29 and 10 neurons are used between the layers in successive order. They are found by trial and
error method. 4 and 10 functional links are used in input and output files, respectively and they
are shown in Table 4.5 and Table 4.6:

Table 4.5: Output functional links used in inverse method
Functional Links
1

Exponential of Fracture Porosity

2

Matrix Permeability / Natural Fracture Permeability

3

Matrix Permeability

4

Length of the Horizontal Well

5

Natural Fracture Permeability / Spacing Between Natural Fractures

6

Length Transverse Fracture

7

Natural Fracture Permeability / Constant ‘a’ received from curve fitting

8

Constant ‘a’ received from curve fitting / Natural Fracture Permeability

9

Number of Fractures

10

Production at Day 1 / Number of Fractures

Natural Fracture Permeability
Number of Transverse Fractures

Spacing Between Natural Fractures

Production at Day 1

Table 4.6: Input functional links used in inverse method
Functional Links
1

Production at Day 1

2

Production at Day 470

3

Production at Day 1080

4

Production at Day 2580
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Figure 4.25: ANN structure of the inverse method

Figure 4.25 illustrates the structure of the inverse method by showing the input & output
files, transfer functions and layers.
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Chapter 5
RESULTS AND DISCUSSION

5.1 Forward Method
The forward method is trained twice: one for low natural fracture permeability system
(0.01mdD-0.1mD), the other for high natural fracture permeability (0.1mD-10mD). The mean
error is found to be 20.3% and 16.93% in terms of cumulative production for the smaller
permeability case and the larger permeability case, respectively. However, ignoring the lowest
and highest errors decreases the mean errors to 18.17% and 15.88% for the smaller permeability
case and the larger permeability case, respectively.

5.1.1 Forward Method for High Natural Fracture Permeability System
The reservoir and design parameters can be found at the right side of Figures 5.1-5.24.
Estimated and real ‘a’,’b’ and ‘c’ values as well as their ratios can be found on Tables 5.1, 5.2
and 5.3:
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Table 5.1: Comparison of 'a' values received from curve fitting and ANN
a (curve fitting)

a (ann)

ratio (ann/ curve fitting)

6.73E+08

5.59E+08

0.830867

1.8E+09

2.31E+09

1.282923

1.21E+09

5.24E+08

0.431825

4.44E+09

2.29E+09

0.51532

1.14E+10

7.09E+08

0.061914

1.43E+09

4.26E+08

0.297231

3E+09

1.23E+09

0.409656

3.12E+08

5.29E+08

1.696521

Table 5.2: Comparison of ‘b’ values received from curve fitting and ANN
b (curve fitting)

b (ann)

ratio (ann/ curve fitting)

0.098649

0.032856

0.333055

0.077692

0.170259

2.19145

0.159897

0.004113

0.02572

3.995282

0.581162

0.145462

20.14036

0.112173

0.00557

0.030946

0.013505

0.436419

0.093653

0.007528

0.080387

1.045789

2.430022

2.323625
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Table 5.3: Comparison of ‘c’ values received from curve fitting and ANN
c (curve fitting)

c (ann)

ratio (ann/ curve fitting)

0.858641

1.261932

1.469685

1.073711

0.901277

0.839404

0.615856

1.446801

2.34925

0.788144

0.85682

1.087136

0.654075

0.970796

1.484228

1.210936

1.05548

0.871624

0.843443

1.395266

1.654251

0.496921

0.414436

0.834008

The results can be seen in the below graphs. Green line represents the production results
from ANN, red line represents the production results from hyperbolic fitting and the blue line
represents the production results from the simulator. Reservoir and design parameters as well as
the ‘a’, ‘b’ and ‘c’ values, error, total production and initial production values can be found on the
boxes placed at the right side of the graphs.
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Figure 5.1: Profile production -1-

Figure 5.2: Production profile -2-
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Figure 5.3: Production profiles -3-

Figure 5.4: Production profile -4-
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Figure 5.5: Production profile -5-

Figure 5.6: Production profile -6-
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Figure 5.7: Production profile -7-

Figure 5.8: Production profile -8-
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As it can be seen in Figures 5.1-5.8, the initial production is very high and it decreases
very fast in a very short time. Therefore, in order to illustrate the results better, the graphs will be
zoomed and the highest value in y axis will be limited to 108 scf/d.

Figure 5.9: Zoomed production profile -1-
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Figure 5.10: Zoomed production profile -2-

Figure 5.11: Zoomed production profile -3-
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Figure 5.12: Zoomed production profile -4-

Figure 5.13: Zoomed production profile -5-
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Figure 5.14: Zoomed production profile -6-

Figure 5.15: Zoomed production profile -7-
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Figure 5.16: Zoomed production profile -8-

In most of the samples, the ANN predictions are closer to the curve fitting values than the
simulation results are although the correlation coefficients of the hyperbolic curves are very high.
They are shown in Table 5.4:
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Table 5.4: Correlation coefficient values for the samples
Sample #

R2

1

0.9963301

2

0.99848

3

0.9958672

4

0.9990841

5

0.997154

6

0.9993142

7

0.9946445

8

0.9964381

The error values are calculated as follow:

(5.1)

Where Qlow represents the lowest one among the cumulative production values from
ANN results and curve fitting results and Qhigh represents the highest one among them. Qreal
represents the cumulative production values calculated from curve fitting.
The cumulative production values are calculated by taking the integral of the production
curves. The calculation is as follows:

(5.2)
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(5.3)

(5.4)

(5.5)

(5.6)

5.1.2 Forward Method for Low Natural Fracture Permeability System
This chapter shows the production estimations of the ANN toolbox for reservoirs with
natural fracture permeability between 0.01 to 0.1mD. Error calculations, cumulative production
calculations are the same as the ones for high permeability case as explained in Chapter 5.1.1.
The results are as follow:
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Figure 5.17: Production profile -9-

Figure 5.18: Production profile -10-

67

Figure 5.19: Production profile -11-

Figure 5.20: Production profile -12-
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Figure 5.21: Production profile -13-

Figure 5.22: Production profile -14-
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Figure 5.23: Production profile -15-

Figure 5.24: Production profile -16-
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The mean error for forward ANN toolbox for small permeability is 20% which is higher
than that for large permeability (17%). However, it does not necessarily show that ANN method
is more successful when the reservoir has high natural fracture permeability. If the lowest and
highest individual errors are ignored, then the mean error becomes 18%.
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5.2 Inverse Method
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Figure 5.25: Scheme procedure in inverse method

(ann)
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Figure 5.25 shows the 3 phases in the inverse method which are explained as below:
(1) Initially, by using the randomly generated input data (reservoir properties and design
parameters); the reservoir simulator executes the files and generates production profiles.
The generated production profiles are characterized into equations.
(2) Production profile constants received from the equations as well as the previously
generated reservoir properties and the design parameters are used in order to prepare an
ANN toolbox which predicts the design parameters.
(3) Estimated design parameters and previously generated reservoir properties are used in
order to generate new production profiles via reservoir simulator. Finally, the production
profiles estimated by ANN and the production profiles generated by using the real data
are compared.
The estimated design parameters in phase 2 are horizontal well length, number of
fractures, drainage area, length of the transverse fracture, and permeability of the transverse
fracture.
Reservoir properties as well as the production constants that were created in phase 1 are
entered as input in ANN training. The production profiles that are used in order to predict the
design parameters in addition to the production curves estimated by ANN are shown in Figures
5.31-5.40. Four parameters that were considered in forward process are fixed. Reservoir
temperature is taken as 200 ºF; initial reservoir pressure is taken as 5000 psia; specified wellbore
pressure is taken as 14.7 psia and specific gravity is taken as 0.54 for all cases. Input reservoir
properties of the randomly selected testing set is given in Table 5.5.
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Table 5.5: Input reservoir properties for testing set
data

h(ft)
1
2
3
4
5
6
7
8
9
10

Km(md)

257 2.19E-05
327 4.51E-06
163 7.04E-08
160 8.36E-07
335 4.43E-08
380 5.64E-08
243 3.32E-07
121 0.067016
170 3.93E-05
359 8.15E-07

Øm
0.245
0.154
0.19
0.218
0.043
0.085
0.056
0.058
0.144
0.069

Kn(mD)
4.34777
0.07755
5.54E-05
0.000974
0.003168
1.93616
0.000541
5.74577
1.459851
8.765423

Spacing(ft)
26
93
76
40
69
50
58
21
14
53

Øn
0.016
0.023
0.027
0.015
0.009
0.018
0.01
0.014
0.024
0.009

In Table 5.5, h is reservoir thickness, Km is matrix permeability, Øm is matrix porosity,
Kn is natural fracture permeability, spacing is natural fracture spacing and Øn is natural fracture
porosity.
The testing samples are numbered from 1 to 10 and the results can be found in below:
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Figure 5.26: Number of fractures: data and estimation
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ANN Estimation
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Figure 5.27: Permeability of transverse fractures: data and estimation
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Figure 5.28: Length of the horizontal well: data and estimation
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ANN Estimations
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Figure 5.29: Drainage area: data and estimation
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Figure 5.30: Length of the transverse fracture: data and estimation

The ANN estimations and the real values for design data and their ratio to each other can
be found in Tables 5.6-5.10:
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Table 5.6: Drainage area results comparisons
Drainage Area (acres)
#
1
2
3
4
5
6
7
8
9
10

Data
221.1743
239.3592
368.5649
243.3632
311.5861
343.6221
299.4275
376.1331
329.5407
271.3072

ANN Result
278.3479633
222.1516769
354.6694602
291.5061204
279.7506815
280.4041446
280.4644386
251.7983668
298.7438828
168.2709216
Mean =

0.794597
1.077459
1.039179
0.834848
1.113799
1.225453
1.067613
1.493787
1.103088
1.612323
1.136214

For drainage area, when the mean error is calculated, there is a 13% of deviation whereas
taking the average of absolute value of the individual errors increases the error to 21%.

Table 5.7: Well length results comparisons
Well Length (ft)
#
1
2
3
4
5
6
7
8
9
10

Data
1450.7155
1169.7734
1696.5888
1258.0387
2290.4625
1529.2899
1757.9131
1870.9532
1491.3068
1534.3125

ANN Result
1845.36746
1830.91984
1429.48452
1880.69469
1743.79994
1392.01483
2024.33153
1340.13848
2080.52194
997.639538
Mean =

0.786139094
0.638899296
1.186853562
0.668922345
1.313489261
1.098616097
0.868391898
1.396089459
0.716794555
1.537942755
1.021213832
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In the case of well length, taking the average of the positive and negative deviations leads
to a 2% error. However, taking the average of absolute value individual errors leads to 28.5%
error.

Table 5.8: Transverse fracture permeability comparisons

#
1
2
3
4
5
6
7
8
9
10

Transverse Fracture
Permeability (mD)
Data
ANN Result
395123.57 610434.338
319399.79 707055.775
455945.38 671540.702
442191.17 652386.861
346284.69 566648.429
607091.94 639179.625
112552.21 586707.616
719636.33
968585.08
511019.86 524564.136
709485.24 361116.263
Mean =

0.647282672
0.4517321
0.6789542
0.677805144
0.611110297
0.949798642
0.191836968
0.742976889
0.974179942
1.964700325
0.789037718

In the case of transverse fracture permeability, the average of the positive and negative
deviations in total is 21% whereas the average of the absolute value of the deviations is 40%.
Although the error is high, technically, even during fracturing, achieving the desired fracture
permeability is difficult.
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Table 5.9: Comparison of number of fractures
Number of Fractures
#
1
2
3
4
5
6
7
8
9
10

Data
3
3
2
4
4
4
5
1
4
2

ANN Result
4.12740225
3.50260554
3.37012636
1.88840631
3.06211104
1.82893785
2.35892857
4.34222003
2.01196139
1.75508016
Mean =

0.726849436
0.856505241
0.593449559
2.118188215
1.306288358
2.187061741
2.119606357
0.230296943
1.988109721
1.13954909
1.326590466

The average of the positive and negative deviations is 32% whereas the average of their
absolute deviations is 64% for the case of number of transverse fractures.

Table 5.10: Comparison of length of transverse fractures

#
1
2
3
4
5
6
7
8
9
10

Length of Transverse
Fractures (ft)
Data
ANN Result
816.93776 1503.23075
1419.0861 663.602923
873.93843 1454.18877
1199.4997 1555.99626
1379.3003 1563.47575
1613.3751 1611.12279
626.97902 1268.52594
1910.3249 1707.01579
1295.4109 985.610203
848.42598
312.05792
Mean =

0.543454662
2.138456674
0.600980043
0.770888548
0.882201276
1.001397977
0.494257942
1.119102071
1.314323753
2.718809317
1.158387226

79
For the case of length of transverse fractures, the average of the positive and negative
errors is 15.8% where the average of the absolute value of the individual errors is 50%.
The estimated design parameters have large error values. However, the effect of these
errors on the production needs to be studied as well. In phase 3 which is illustrated in Figure 5.25,
the estimated design parameters are used in addition to the already generated reservoir properties
to generate production profiles and those curves are called herein as ‘ann’ production profiles.
They are matched with the production profiles which were generated before in phase 1 and also
shown in Figures 5.31-5.40. The numbering of the graphs is from 1 to 10 and same as that of
testing samples. The reservoir properties are given in Table 5.5, the design parameters for the
‘ann’ production curves and for the ‘real’ production curves are provided in Tables 5.6-5.10.

Figure 5.31: Comparison of production profiles -1The error for the first testing sample is 25%. The initial production at ‘ann’ curve is
higher which is rational because all the design parameters estimated by ANN are higher than real
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values. Moreover, the error values for the estimated design parameters are higher than 50%
whereas the effect of these errors on the production is 25%. This increases the legitimacy of the
toolbox.

Figure 5.32: Comparison of production profiles -2-

Similarly, for the second sample the ann estimations are initially higher than the real data.
However, the error on the production is 4.4%. These error values are substantially lower than the
error values found on the design parameters.
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Figure 5.33: Comparison of production profiles -3-

The error for the third testing sample is 58%. Similarly the individual design parameter
errors are high.

Figure 5.34: Comparison of production profiles -4-
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The error for the fourth case is 21.17% which is lower than those of most other individual
design parameters.

Figure 5.35: Comparison of production profiles -5The error for the 5th case is 14%. Although initial and late productions are similar, ann
production is higher when the simulation is around 300 days.
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Figure 5.36: Comparison of production profiles -6Y axis of the sixth graph is limited to 108 SCFD because the production drops very fast.
ANN estimations are lower and the error is 15% which is mainly due to wrong estimation of
number of fractures.
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Figure 5.37: Comparison of production profiles -7The production error for seventh testing sample is 36%.

Figure 5.38: Comparison of production profiles -8-
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For the eight case, the production error is 27.5%. Initial production values for the ann are
lower which is mainly due to the higher errors in drainage area and wellbore length estimations.
Also, Y axis is limited to 107 mD due to the lower production resulting from the reservoir
parameters.

Figure 5.39: Comparison of production profiles -9-

The error for the ninth case is only 5%. The error values for the drainage area and
fracture permeability values are very low as well whereas error values for the other design
parameters are higher which might indicate that drainage area plays an important role in
determining the production profile.

86

Figure 5.40: Comparison of production profiles -10-

The error value for the tenth production profile is 47%. Moreover, error values for the
design parameters are high as well.
It is difficult to decide on which design parameter has the major effect on production
profiles. However, the lower errors in production profiles match with lower errors in drainage
area estimations. Length of the horizontal wells and length of the hydraulic fractures play an
important role as well. It can be interpreted that the error in fracture permeability loses its effect if
the hydraulic fracture permeability is close to infinite conductivity.
Table 5.11 shows the individual production errors which is calculated from Equation 5.7:

(5.7)
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In Equation 5.7, Qreal is the cumulative production generated in phase 1 by the randomly
selected design parameters and Qann is the cumulative production generated in phase 2 by using
the design parameters which were predicted by inverse ANN method.

Table 5.11: Comparison of length of transverse fractures
cumulative production
‘Real’
‘ANN’
1.54E+11
2.05E+11
83329901700
8.72E+10
985764060
2350000000
6700164870
8500000000
13773006700
1.6E+10
1.38E+11
1.20E+11
2777708300
4350000000
31363417972
2.46E+10
95787061900
9.11E+10
77397150440
5.25E+10

error
25.03
4.44
58.05
21.17
13.92
15.09
36.14
27.49
5.14
47.42

The mean error is 25.39%. However, it drops to 23.93% when the outlier lowest and the
highest error values, indicated in red in Table 5.11, are ignored. This 23.93% of error in
cumulative production is comparatively better than the individual errors in design parameter
estimations thus increasing the level of confidence in the proposed tool.
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Chapter 6

CONCLUSIONS AND RECOMMENDATIONS FOR FUTURE WORK
In this project, firstly production profile from transversely fractured horizontal well
placed in dual porosity tight gas reservoirs is estimated by means of forward looking ANN
method with errors of 16% and 18% for reservoirs with large fracture permeability (0.1-10 mD)
and with small fracture permeability (0.01-0.1 mD), respectively. Secondly, several transversely
fractured horizontal well design parameters for dual porosity tight gas reservoir systems are
estimated in order to achieve a desired production profile by means of inverse looking ANN
method. The production profiles that are generated by the estimated design parameters have an
error of 24%. ANN predictions are able to give preliminary information about the production
profile and design parameters. This project is only applied to tight gas sands, the only well type
used is horizontal well and there are only transverse fractures as stated before.
It can be concluded that one of the critical factors in ANN training is finding the optimum
functional links. Some functional links give hints to the training system. For example, it is known
that the ratio of the reservoir pressure to the wellbore pressure is proportional to the production.
Therefore entering this ratio as a functional link helps the system work better. Moreover, the
transfer functions are of utmost importance in estimating the production or design parameters.
However, they need to be found by trial and error method. The same applies to the number of
training sets, validation sets and the number of neurons. They need to be found heuristically.
Another important factor is choosing the right curve fitting method. Even though, other
curve fitting methods give good correlation coefficients as well, they lead to high errors in
training results. Choosing the optimum curve fitting method is a decision that can be made
heuristically. For example, if any of the constants of the curve fitting method is similar to the
initial production, this constant can be more easily estimated via training.
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Another crucial factor is the range of the input and output parameters. For example, the
range for the drainage area is between 200 and 400 acres. Therefore, its effect will be limited
during forward training and it can also be more easily estimated during inverse training.
The impact of the reservoir and design parameters on production affects the training. For
example, even though matrix permeability has major effect in determining the production, in the
case of the existence of natural fractures, natural fractures easily become the principal factor in
determining the production because even though the matrix permeability is very low the natural
fractures act like channels and carry the gas easily. Due to this fact, the training had difficulty in
estimating the result when natural fracture permeability had larger range. Therefore, forward
ANN is divided into two as low natural fracture permeability system and high natural fracture
permeability system.
In forward method, estimations for large fracture permeability case have a slightly lower
mean value. However, it does not mean that this toolbox works better for large natural fracture
permeability cases. The error values are very close to each other.
The error values of the design parameters are high and range from 21% to 64% in inverse
method. However, effect of these errors on the production profile is limited to 24%. By looking at
the lowest cumulative production errors, it can be said that drainage area has a major effect in
changing the production profile among all the other design parameters. In inverse method, high
errors in hydraulic fracture permeability estimations lose their importance when the
dimensionless conductivity for hydraulic fracture is almost infinite. Moreover, it is difficult to
achieve the desired hydraulic fracture permeability in practical terms.
It should be noted that for the dual porosity reservoirs, the superiority of the conductivity
per length of the hydraulic fracture to the conductivity per length of the natural fracture is the
major factor in stimulating the production. Ignoring this factor could lead to insufficient increase
in gas production.
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The recommendations for future work are:


The application of the project on different type of gas reservoirs such as shale.



The placement of vertical well and usage of horizontal fractures.



The placement of longitudinal fractures.

The project itself needs more improvement for future work such as:


The initial production is extremely high for the higher natural fracture
permeability case. However, it diminishes very quickly to a lot lower levels. This
leads to inaccuracy in curve fitting. Ignoring the first couple of months of
production or evaluating the initial production and late production separately
could lead to a lot more accurate results.



Inverse ANN method needs more improvement. This improvement includes
functional links, neurons, layers and transfer functions.



Forward toolboxes for lower natural fracture permeability and higher natural
fracture permeability need to be combined into one.
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Appendix A- Generated Data for Forward ANN Toolbox for Large Natural
Fracture Permeability Reservoir
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Figure A.1: Natural fracture permeability values
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Figure A.2: Drainage area vs. reservoir thickness values
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Figure A.3: Matrix permeability values
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Figure A.4: Matrix porosity values vs. fracture porosity values
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Figure A.5: Reservoir temperature vs. initial reservoir pressure values
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Figure A.6: Horizontal well length vs. number of transverse fractures
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Figure A.7: Permeability of transverse fracture vs. transverse fracture length
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Figure A.8: Initial reservoir pressure vs. specified wellbore pressure
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Figure A.9: Natural fracture spacing vs. specific gravity
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Appendix B - Generated Data for Inverse ANN Toolbox
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Figure B.1: Drainage area vs. reservoir thickness
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Figure B.2: Matrix porosity vs. fracture porosity
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Figure B.3: Horizontal well length vs. number of transverse fractures
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Figure B.4: Horizontal well length vs. number of transverse fractures
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Figure B.5: Natural fracture spacing (ft) vs. transverse fracture spacing (ft)
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