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ABSTRACT

There is no alternative energy to replace fossil fuels yet, demand for hydrocarbon is still
increasing all over the world. In addition to that, productions from conventional reservoirs are not
sufficient enough to fulfill the demands. This has led to increase interest of production from
unconventional reservoirs especially from shale gas reservoirs.
Numerical simulations of reservoirs are complex problem, and can be time consuming.
Accordingly, Artificial Neural Network (ANN) technology can be used for the non-linear
relationships to avoid excessive time requirements of reservoir modeling. The purpose of this
study is to develop network models that can generate accurate results from large amount of
historical data in shale gas reservoirs. Variables used in this study include reservoir and well
design properties such as well length, porosity, permeability, etc. Three network models are
developed and a total of 1040 sample runs were generated to train these networks. The first
network predicts production profile for a given reservoir and well design parameters. Second
neural network estimates well design parameters by using reservoir parameters and production
profiles. Finally, the third calculates the reservoir parameters as it predicts unknown reservoir
parameters from given gas rate and cumulative production data, and well design parameters.
Results of this study show that ANNs are able to estimate the unknowns of the problem
within error margin of 5%.
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Chapter 1

Introduction
Due to rising energy demands of the worlds, exploration and production of the fossil
fuels have increased exponentially. Hence unconventional resources such as tight-gas, coal-bed
methane, gas hydrates and shale gas, have become increasingly important for meeting future
consumption. However, these reservoirs require advanced technology to produce at economic
rates. Production from shale formation can become commercially feasible when hydraulic
fracturing is applied. This process will create fractures that increase contact surface areas in the
reservoir and allow gas to flow into the well. This study focuses on shale gas reservoirs that are
considered as double porosity and single permeability systems.
Reservoir simulation can be a complex problem. Artificial Neural Networks (ANN)
methodology can overcome these problems and avoid excessive time consumption rather than
struggling with complicated problems. It has the ability to compute forecasting problems and
pattern recognition problems. It uses hidden layers, and functional links between inputs and its
target output. Trained ANN can predict production profiles in a rapid manner.
Chapter 2 reviews literature about unconventional gas reservoirs, horizontal wellbores,
hydraulic fracture and Artificial Neural Networks. Chapter 3 provides the problem statement of
this study. Chapter 4 explains methods that are used in generation of training and testing sets.
ANN development model is discussed in Chapter 5 for three different ANN tools. Chapter 6
discusses the results of networks and compares them with the numerical model. Finally, Chapter
7 provides summary of the study and the conclusions reached.
This research represents the development of an Artificial Neural Network (ANN) tool for
hydraulically fractured horizontal wells in faulted shale gas reservoirs. MATLAB1 (version
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R2012a) is used to generate input variables. CMG2 IMEX3 (version 2012.10), black oil simulator,
is employed to simulate reservoirs and gather the production profiles in order to train networks. A
MATLAB neural network toolbox is applied to train the tool.

1

MATLAB: MATrix LABoratory, A tool for numerical computation by the MathWorksTM
CMG: Computer Modeling Group
3
IMEX: IMplicit - EXplicit Black Oil Simulator
2
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Chapter 2

Literature Review
This chapter briefly describes unconventional gas reservoirs, horizontal wells, hydraulic
fractures and Artificial Neural Networks.

2.1. Unconventional Gas Reservoirs
Gas production from conventional reserves has been decreasing in the US and the rest of
the world so unconventional gas has gained an importance to be a major potential source for gas
production.
Natural gas supplies 25% of the total energy consumption in the U.S. shown as in Figure
2-1 [1]. Thus, it plays a key role for meeting the nation’s energy demand.

Figure2-1: Energy Consumption in the USA [1].

Natural gas is produced from both conventional and unconventional gas formations. The
key difference is that conventional gas reservoirs are easy to find and gas production is cost
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effective compared to unconventional gas reservoirs, which are highly compact rock formation
having very low porosity and permeability. There are four types of unconventional gas reservoirs
and these are tight-gas, coal-bed methane, gas hydrates, and shale gas reservoirs.
It was not feasible to produce shale gas reserves because of the extraction cost. But now
thanks to improving technical knowledge in drilling and production, shale gas production has an
increasing momentum. To produce commercially valuable gas from unconventional reservoirs,
hydraulic fracturing operation should be done to increase the surface area exposed to the
formation. Thus, reservoir simulation is an important tool to find optimum production design. To
simulate a well, grid system must be used. Figure 2-2 shows examples for actual and model
reservoir used in this study.

Figure 2-2: Idealization of a fractured reservoir [2]
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2.2. Horizontal Wellbores
Horizontal well, shown in Figure 2-3, has vertical and horizontal segments. Horizontal
drilling begins with vertically at first to some point called “kickoff point”, then continues
horizontally from “entry point” through reservoir until the desired horizon is reached [3].
Horizontal well can cover most of the pay zone compared to vertical well and it is
effective in tight formation especially shale. Although horizontal well may be expensive than
vertical well, it is beneficial in some cases. It has the following advantages:


Number of wells are decreased, and it increases drainage area per well so it
produces more.



Vertical wells can be converted to horizontal wells.



A horizontal well intersects more fractures than a vertical well.



It allows more lateral length than vertical wells.

Figure 2-3: Horizontal well example [4].
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2.3. Hydraulic Fracturing
Hydraulic fracturing is a technique that is used to stimulate a well to increase production
and recovery. Hydraulic fracturing process uses a mixture of water, proppant, and various
chemicals. They are pumped into the wellbore at high pressure so they can create fractures, which
are pathways for gas. In addition, proppant is injected into the well to keep the hydraulic fractures
open. In this way, fractures can extend a high permeability channels. Some of the fracture fluid is
produced and well is cleaned out for production [12].

2.3.1 Types of Hydraulic Fracturing
Depending on the fracture orientation, there are two different types of hydraulic fracture.
The first type shown in Figure 2-4(a) is transverse hydraulic fracturing. Second type is
longitudinal hydraulic fracturing shown in Figure 2-4(b). This type of hydraulic fracturing which
is oriented along the wellbore could create more conductivity in the formation. However, gas
stored away from well may not be produced efficiently because of the limited horizontal
penetration. In this research, transverse hydraulic fracturing is studied in horizontal well.

a)

b)

Figure 2-4: (a) Transverse Hydraulic Fracturing (b) Longitudinal Hydraulic Fracturing [5].
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2.4. Artificial Neural Networks
Artificial Neural Networks (ANN) are tools that use complex non-linear functions to
make a relationship between inputs and outputs so they can recognize existing patterns within a
data set. They can be applied in several areas like science, engineering and finance if inputs and
outputs are related.
ANNs originate from biological neuron that has a cell body, a dendrite and an axon
(Figure 2-5).Neurons use signals to activate other neurons. Those signals pass through axon to
synapse of other neuron and they are received from dendrites at cell body. However, they must
exceed a certain level named firing threshold for activation [6].

Figure 2-5: Parts of a neuron [7].

Artificial neural network depicted in Figure 2-6 is trained by using input signals but they
should be adjusted by multiplying weights between inputs and outputs. After that transfer
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function activates the signal and training process begins to find optimum weights. When the
training process is done, network has learnt problem and it is ready to be used for a specific
problem. Besides, there should be enough input and output data to train the network effectively.
To sum up, it has following steps basically: collection of data, creation of neural network,
configuration of network, initialization of weights and biases, training, validation, and usage of
network [11]. Math Work’s MATLAB Neural Network Toolbox is used to design ANNs in this
thesis.

X0 =+1
W0
X1 W1

Xi Wi

Xn Wn

NET

Figure 2-6: Schematic drawing for ANN (Reproduced From [8]).

Generally, neural networks have an input layer, one or more hidden layers and an output
layer. Users assign neuron and layer numbers and there is no limitation for them yet users can
find the optimum layer and neuron numbers by using trial and error method.

2.4.1 Transfer Function
Transfer functions calculate output value from input value by using the different types of
it. A common transfer function is hyperbolic tangent sigmoid (Tansig) which is a non-linear
transfer function and its results range change between -1 and 1. Equation is tansig (n) =2/ (1+exp
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(-2*n))-1. Second one is log sigmoid function (logsig). Unlike tansig, logsig calculates values
between 0 and 1 and the expression for equation is logsig (n) =1/ (1+exp (-n)).Third one is
symmetrical hard limit function (hardlims). It generates only two outputs. If output is 1, signal is
greater than zero. If output is -1, signal is less than zero. Hardlim function is defined as f(y) =1 if
y > 0 and f(y) =-1 if y < 0. Last function is linear function (purelin). It gets value multiplying by a
constant number K. It is described by the following equation: f(y) =K * y.

2.4.2 Training Algorithms
Backpropagation algorithm is a learning network for forward and backward passes.
Inputs are in forward direction and outputs are in backward direction. It generates errors between
numerical model and predicted values. The scaled conjugate gradient (trainscg) and LevenbergMarquardt (trainlm) are important algorithms used for training.
The scaled conjugate gradient (trainscg) is defined to increase time efficiency and it is a
function that uses both model-trust region approach and conjugate approach [9]. Yet, it needs
more iteration compared to Levenberg-Marquardt backpropagation. Levenberg-Marquardt
(trainlm) is one of the fastest backpropagation algorithms. However, it needs more memory
unlike scaled conjugate gradient (trainscg).
Main purpose of training process is to find optimal weights and low error numbers [13].
To do that, user should optimize number of hidden layers, number of neurons in each layer,
transfer function, and training algorithm. In addition to that, functional links and vector scaling
can be used depending on the complexity of problem.
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2.4.3 Over-learning and Generalization
Although training of ANN is achieved with good results, it might have a problem because
of over-training (memorizing) which one of the most common problems in training is. Even
though, it seems as having good results for some data sets, tried new data sets might have a large
error. In order to obtain a generalized network, early stopping technique can be applied. Hence,
data set has three parts for it: training, validation, and testing. Due to the validation sets, training
can be stopped when validation error begins to increase. Figure 2-7 shows early stopping
technique in training process as an example [7].

Figure 2-7: Early stopping technique [7].
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Chapter 3

Problem Statement

Reservoir simulation is one of the most effective ways to find optimum scenario for
production of wells. However, it can be time consuming and also optimization process might not
be achieved due to unknown or inaccurate reservoir parameters. ANNs can be applied to solve
these problems.
This study proposes three different ANN tools for hydraulically fractured wells in
faulted shale gas reservoirs. First network is a forward ANN model that predicts production
profile from reservoir and design parameters. Reservoir parameters are thickness, matrix porosity,
fracture porosity, matrix permeability, fracture permeability, fracture spacing, compressibility of
matrix and fracture, pressure, temperature, gas specific gravity, fault’s sealing capacity, fault
distances to the well, and fault orientation with respect to the principal flow direction. Design
parameters specified are pressure, well-length, number of hydraulic fracture stages, hydraulic
fracture permeability, hydraulic fracture width, and hydraulic fracture half-length. Second ANN
model predicts well design parameters from given gas rate and cumulative production data and
reservoir parameters. Last one calculates unknown reservoir characteristics by using gas rate and
cumulative production data and well design parameters.
In this research, Computer Modeling Group (CMG) software is used to generate gas
rate and cumulative production data. MATLAB is employed in various steps as explained in the
next chapter.
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Chapter 4

Generation of Training and Testing Sets
To acquire a functional network tool for hydraulically fractured horizontal wells in
faulted shale gas reservoirs, a wide range of reservoir and well design parameters are generated
uniformly as input data sets for ANN and simulated by CMG IMEX for the following reservoir
conditions:


Homogeneous, isotropic square reservoir with uniform grid distribution,



3 layers reservoir with equal thickness,



Single phase gas,



Production with specified pressure (Psf),



One horizontal well is placed at the center of the reservoir along the y direction,



Production period of 10 years,



Constant well bore radius of 0.25 ft,



Transverse hydraulic fractures are created.

In addition; dual porosity and single permeability system is used to model hydraulic
fracturing reservoir with semi sealing fault. Because shale formation is tight system, it has
following constraints:


Fracture permeability (kf) >Matrix permeability (km)



Fracture porosity<Matrix porosity

All reservoirs used in this study have a 121x121x3 Cartesian grid system with constant
block width 100 feet so the size of reservoir is 3361 acres. The well is placed in the center of the
reservoir. Two types of fault with respect to the fault orientation were studied in this research.
ANNs are developed for shale gas reservoir by using uniformly distributed input data sets.
Distribution plots are listed in Appendix A.
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4.1. Data Preparation
IMEX, which is a software tool of CMG simulator, is employed for creating simulation
input files. First, a three dimensional Cartesian grid system with constant block width 100ft is
used. To define the number of grid blocks, grid sensitivity analysis is applied since small grid size
can help to provide better results. Yet, it will increase the simulation run time [10]. In order to
choose optimum grid size, it was tried different combination of grid number. Figure 4-2 points
out that there is no significant production difference along z-direction which also represent
number of reservoir layer. Thus, 3 layers reservoir is chosen in this study. However, there is a
slight production difference whenever grid block number is increased on x-y-direction. Figure 4-2
also shows all number of grid blocks which were tried. Negligible difference on production rate is
observed between 105x105x3 and 121x121x3; therefore, 121x121x3 is chosen in this study.
Figure 4-1 displays cross-section of reservoir along main axis of the wellbore.

Figure 4-1: Cross-section of reservoir along main axis of the wellbore.
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Figure 4-2: Grid sensitivity on x-y and z-directions.

After designing the grid system, next step is to assign reservoir parameters such as initial
pressure and temperature, permeability, porosity, thickness and etc. Moreover, the fault plane is
placed in the reservoir with different angle and sealing capacity. Figure 4-3 shows representation
of fault orientation with respect to flow direction. Line A and B represent faults which are parallel
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to the wellbore so their fault orientations are 90 degree (α + β=90 degree). Line A’ and line B’ are
the fault with angle of α which should not be less than minimum value (15 degree). Then,
wellbore can be designed by using parameters such as well length, number of hydraulic fracture
stages, hydraulic fracture permeability, hydraulic fracture width, hydraulic fracture half-length
and bottom-hole pressure. Well is placed horizontally in the center of y-direction as producer and
then hydraulic fracturing stages are implemented to the reservoir. Gas/water model is used and it
is assumed that water-gas contact depth is defined to be way below than the reservoir so that well
will not produce water. Simulation runs for ten years. The dates are defined daily for the first
month, and after first month, it continued monthly.

Figure 4-3: Schematic Representation of the Reservoir with Fault.

All necessary parameters used in the training data generation are explained with their
specified ranges in the next section.
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4.2. Reservoir and Well Design Parameters Variable Selection
In order to come up with expert artificial neural networks, reservoir and well design
parameters in search space should cover wide ranges. Table 4-1 points out reservoir parameters
and their respective ranges. There are no specified ranges for fault distance to the well-1 (L_f1)
and fault distance to the well-2 (L_f2) shown in Figure 4-4. Since it is an undesirable situation
that fault can go across the well or hydraulic fractures, both of them are calculated based on the
well length, hydraulic fracture half length, and fault length. Accordingly, they have a range
between 1000 and 9000 ft.
Table 4-1: Reservoir parameters’ range.
Reservoir Parameter
Temperature
Thickness
Matrix Porosity
Fracture Porosity
Matrix Permeability
Fracture Permeability
Fracture Spacing
Compressibility of Matrix
Compressibility of Fracture
Gas Specific Gravity
Pressure
Sealing Capacity of Fault
Fault Length
Fault Orientation with Respect to
principal flow direction
Fault Distance to the well -1
Fault Distance to the well -2

Abbreviations Reservoir Parameter Range
Min
Max
T
130
300
h
60
300
phi_m
7
16
phi_f
0.1
3
k_m
1.00E-09
1.00E-02
k_f
0.0001
0.2
fs
1
100
Cm
9.00E-08
5.00E-07
Cf
7.20E-05
9.60E-05
γg
0.56
0.9
Pi
2000
8000
SC
60
100
Lfault
3000
7000

Unit
F
ft
%
%
mD
mD
ft
1/psi
1/psi
psi
%
ft

θ

15

90

degree

L_f1
L_f2

1000
1000

9000
9000

ft
ft
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L_f1

Fault

L_f2

Figure 4-4: Top view of hydraulic fractured reservoir with a fault.

Well design parameters and the data range for the networks training are listed in Table 42. For each well design parameters, uniformly distributed data is created within the range.
However, the minimum value of specified pressure is determined as 14.7 psi while its maximum
value is calculated as a function of initial pressure as it is seen in Table 4-2.
Table 4-2: Well Design parameters’ range.
Well Design Parameter

Abbreviations

Specified Pressure
Number of Hydraulic Fracture stages
Hydraulic Fracture half length
Hydraulic Fracture Permeability
Hydraulic Fracture width
Well Length

Psf
NHF
xf
khf
fw
Lwell

Design Parameter Range
Min
Max
14.7
0.5*Pi+14.7
2
30
100
800
10
1.00E6
0.1
0.4
4000
10000

Unit
psi
ft
md
Inch
ft
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Figure 4-5 shows workflow for generation of training and testing data sets. First of all,
uniformly distributed data are generated and then numerous .dat files are created. Later,
production profiles are extracted by CMG. After obtaining production rates, ANNs are trained
and tested.

Uniformly
Distributed
Data

Generate
Input Data
for CMG

•Reservoir and design parameters are created
within their respective ranges.

•.dat files are generated by the numerical
model.

•Cumulative production and gas rates are
extracted from the numerical model at
Simulation specifeid times.

•Training of ANN.
TRAINING

•Testing of ANN.
TESTING

Figure 4-5: Workflow for Generation of Training and Testing Data Sets.
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Chapter 5

ANN Model Development
In this chapter, three different ANN models are generated. Development of production
performance prediction ANN, well design parameters prediction ANN, and reservoir parameters
prediction ANN will be explained in detail. MATLAB neural network toolbox is used to train for
all three networks. According to previous studies done at The Pennsylvania State University,
conjugate gradient algorithms give better results than others ([7] and [13]). Furthermore;
Graphical User Interfaces (GUI) are designed and will be explained in detail.
Number of data sets, number of hidden layers, number of neurons, training algorithms,
type of activation functions and functional links are components that will play significant roles in
creating networks that are more effective. These are explained in Chapter 2, except functional
links.
Functional links are additional parameters that can be added to networks as an input,
output, or both. They may help the neural network to predict more efficiently. However,
sometimes it is possible that functional links result in unsatisfactory predictions. Hence, the best
way is applying and comparing the results to decide whether using them or not. In theory, there is
not any limitation for the number of hidden layers and neurons. Yet, there is an optimum number
of hidden layers to get good accuracy of predictions, so either increasing or decreasing the
numbers make a contribution in achieving convergence. Therefore, trial and error is applied to
design the final artificial neural network architecture.
Besides functional links, some of the output and input variables are multiplied by large
numbers which is called “vector scaling” to increase prediction capability of ANN because it is
hard to predict small numbers like matrix permeability (10-6).
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5.1. ANN Model for Predicting Production Profile
Developed network is designed to predict the production profile for a given set of
reservoir and well design parameters. Table 5-1 shows input and output variables that are used in
the development of artificial neural network. In this network, the logarithm of all outputs and
logarithm of some input variables are used. These of the logarithmic forms were determined
through trial and error.
Table 5-1: Inputs and Outputs of ANN model for predicting production profile.
Thickness, Matrix porosity, Fracture porosity
Matrix permeability, Fracture permeability
Fracture Spacing, Compressibility of matrix
Reservoir Parameters

Compressibility of fracture, Pressure, Temperature,
Gas specific Gravity, Fault length, Fault angle, Fault
distance1, Fault distance2

Input

Specified Pressure, Well Length, Number of
Well Design Parameters

hydraulic fracture stages, Hydraulic fracture
permeability, Hydraulic fracture width, Hydraulic
fracture half length

Gas production rate

First day and last day of first month
Every two month after first month

Output
Cumulative Production

Yearly Cumulative Gas Production (for 10 years)
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For this model, a total of 1034 different data sets are created and 86%, 7%, 7% of them
are selected randomly as training, validation, and testing sets, respectively.
ANN training starts with the simplest network, which has one layer with 10 neurons. Due
to the complexity of the problem, ANN is trained with different number of hidden layers, number
of neurons in each layer, and addition of some functional links.

Input Layer

Hidden Layer

21 neurons

160 neurons

Output Layer
73 neurons

Reservoir
Properties

Design
Parameters

Figure 5-1: Neural network structure of the ANN model for predicting production profile.

The optimum structure of the network shown in Figure 5-1 has an input layer with 21
neurons, an output layer with 73 neurons, and one hidden layer with 160 neurons using the tansig
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activation function. The transfer function, purelin, and scaled conjugate gradient backpropagation
algorithm (trainscg) is used. The MATLAB code for this ANN tool is given in Appendix B.

5.1.1. Testing Beyond the Training Ranges of the ANN Model for Predicting Production
Profile
ANN Model for Predicting Production Profile is tested beyond the ranges of design and
reservoir parameters. The purpose of this study is to check the prediction capability of ANN. To
do that new data sets are created outside of the ranges discussed earlier except fault distance to
the well-1 and fault distance to the well-2 because both of them are calculated with respect to
well length and hydraulic fracture half-length to prevent fault going across the well. There is only
one parameter taken beyond the training ranges at a time. For example, if initial pressure is tested
beyond the range, only its value is out of the training ranges whereas rest of the parameters are
kept in specified ranges. After creation of data set, numerical simulator, CMG IMEX, is
employed for simulation and extraction of production profile. Then, production profile of this
data set is predicted by designed ANN model. Comparisons of numerical simulator’s and
artificial neural network’s results will be discussed deeply in Chapter 6.

5.2. ANN Model for Predicting Well Design Parameters
In this ANN model, well design parameters are estimated for a given reservoir
parameters, gas rate and cumulative production results. Development of this ANN model starts
with a simple system and complexity of the system is improved by optimizing hidden layer
number, neuron numbers of each layer and taking logarithm of some variables. Inputs and outputs
of this ANN model are given in Table 5-2. It is noticed that adding functional links to the input
layer progress the prediction capability of this network.
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Furthermore, same data sets used in the previous ANN model are employed for
estimating well design parameters, nonetheless; training, validation and testing datasets are
randomly assigned in percentages of 86, 7 and 7, respectively. After trying different structure of
ANN, final design has been established with three hidden layers and 80 neurons in each layer.
Moreover, input layer has 213 neurons and output layer has 6 neurons. The transfer function,
logsig, is used for all three hidden layers. Structure of designed network is shown in Figure 5-2.
Table 5-2: Inputs and Outputs of ANN model for predicting well design parameters.

Reservoir Parameters

Input

Functional Links

Gas Rate Production

Output

Thickness, Matrix porosity, Fracture porosity
Matrix permeability, Fracture permeability
Fracture Spacing, Compressibility of matrix
Compressibility of fracture, Pressure, Temperature,
Gas specific Gravity, Fault length, Fault angle, Fault
distance1, Fault distance2
(Matrix porosity*100 + Fracture porosity*100),
(Matrix porosity*100 / Fracture porosity*100),
(Matrix permeability / Fracture permeability)
(Compressibility of matrix + Compressibility of
fracture),
(Compressibility of matrix + Compressibility of
fracture)^0.5,
(Gas specific Gravity)^0.5,
Every hour for the first 2 days
Every day after 2nd day (for 3 months)

Cumulative Production

Weakly Cumulative Gas Production (for 3 months)

Well Design Parameters

Specified Pressure, Well Length, Number of hydraulic
fracture stages, Hydraulic fracture permeability,
Hydraulic fracture width, Hydraulic fracture half length
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Input Layer
213 neurons

3 Hidden Layers
80 neurons

80 neurons

Output Layer
80 neurons

6 neurons

Reservoir
Properties

Gas rate and
Cumulative
Production

Functional
Links

Figure 5-2: Neural network structure of the ANN model for predicting well design parameters.

5.3. ANN Model for Predicting Reservoir Parameters
Designed ANN model is able to estimate unknown reservoir parameters by providing gas
rate and cumulative production data, and well design parameters. In order to optimize artificial
neural network, different scenarios are tried. First and the most effective way is that increasing
hidden layer number and number of neurons in each layer to decrease error in achieving
convergence. Then, functional links are implemented to both input and output layers. If lower
error percentage is achieved from output functional links, value of reservoir parameters can be
calculated by using them. For example, when accurate predictions of matrix permeability are

25

obtained, fracture permeability can be calculated from their ratios Table 5-3 shows inputs and
outputs for this model.
Table 5-3: Inputs and Outputs of ANN model for predicting reservoir parameters.
Specified Pressure, Well Length, Number of hydraulic
Well Design Parameters

fracture

stages,

Hydraulic

fracture

permeability,

Hydraulic fracture width, Hydraulic fracture half length
Log (Number of hydraulic fracture stages),
(Hydraulic fracture spacing)^0.5,
(Hydraulic fracture permeability) ^0.5,
Functional Links

(Hydraulic fracture half length) ^0.5,
Log (Hydraulic fracture width),
Log (Well Length), Log ( (Specified Pressure) ^0.5),

Input
Gas rate Production

Cumulative Production

Every hour for first 2 days
Every day after 2nd day

Weakly Cumulative Gas Production (for 3 months)

Thickness, Matrix porosity, Fracture porosity
Matrix permeability, Fracture permeability
Fracture Spacing, Compressibility of matrix
Output

Reservoir Parameters

Compressibility of fracture, Pressure, Temperature,
Gas specific Gravity, Fault length, Fault angle, Fault
distance1, Fault distance2

Functional Links

(Matrix porosity*100 + Fracture porosity*100),
(Matrix porosity*100 / Fracture porosity*100),
(Matrix permeability / Fracture permeability)
(Matrix permeability + Fracture permeability)
(Compressibility of matrix + Compressibility of
fracture),
(Compressibility of matrix + Compressibility of
fracture)^0.5,
(Gas specific Gravity)^0.5
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Likewise other two artificial neural networks, same data sets are used for the ANN model
of predicting reservoir parameter. Training, validation and testing datasets are randomly assigned
in percentages of 86, 7 and 7, respectively. Moreover, input layer has 204 neurons and output
layer has 22 neurons. After trying different combinations of ANN, final design has four hidden
layers and they have 160,140, 120, and 100 neurons, respectively which are seen in Figure 5-4.
The transfer function, logsig, is used for all four hidden layers.

Input Layer
204 neurons

4 Hidden Layers
160 neurons 140 neurons

120 neurons

Output Layer
100 neurons

22 neurons

Gas rate and
Cumulative
Production
Well Design
Parameters

Functional
Links

Figure 5-3: Neural network structure of the ANN model for predicting reservoir parameters.
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5.4. Graphical User Interface
A graphical user interface, GUI, is designed for all three ANN tools shown in Figure 5-5.
First, users chose an ANN model that is desired to apply. After choosing the network tool on
main screen, an interface will be open. Then, user can enter the variable value for input and push
the simulate button. It will calculate the desired unknowns depending on the tools. First ANN
interface gives results for production profile and their plots (Figure 5-6). Second interface shown
in Figure 5-7 calculates well design parameters when users have reservoir parameters and
production data. It also shows a schematic view of hydraulic fractured reservoir. Last interface,
Figure 5-8, can be employed to generate unknown reservoir parameters once user knows the well
design parameters and production rates. User must upload an excel file for gas rates and
cumulative production for the last two ANN model.

Figure 5-4: GUI Main Screen.
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Figure 5-5: ANN Interface for predicting production profile.
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Figure 5-6: ANN Interface for predicting well design parameters.
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Figure 5-7: ANN Interface for predicting reservoir parameters.
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Chapter 6

Results & Discussion
This chapter discusses the results of all three artificial neural networks in detail.
Moreover, the ability of ANN will be examined in order to estimate beyond the ranges.
Predicted values are compared to numerical model values. New data sets are created to
test the validation of ANN and analyze the error of all networks. Equation given below was used.

%=

|

|

−

∗ 100

Overall average error is considered as an indicator to determine the network performance.
Equation given below is employed to examine errors whether they are acceptable or not.

%=

|

|

∗ 100

6.1. Results of ANN Model for Predicting Production Profile
In this nework, a total of 62 gas production points, which are the first and last day of the
first month and bimonthly after the first month, have been evaluated. A total of 11 cumulative
production points taken at yearly for ten years have been considered. Therefore, 73 data points
are applied for training the network. As it is seen from Figure 6-1 through Figure 6-10 Numerical
model (CMG) and predicted (ANN) values for gas rate and cumulative production are on top of
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each other. Figure 6-11shows all the average errors of entire data tested for gas rate and
cumulative production in this study. From these figures, it can be seen that all tested values have
errors less than 5% which is lower than desired tolerance (10%) so network is able to predict
accurately.
Figure 6-12 illustrates a sample data set and its error distribution for every single data
point. It is observed that initial gas rate has the largest error around 14% but the rest of the data
points have error less than 5%. Even if the initial gas rate error is large, it does not affect the
overall performance of the ANN.
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Figure 6-1. Prediction of Gas Rate and Cumulative Gas Production for Data Set 2.
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Figure 6-2. Prediction of Gas Rate and Cumulative Gas Production for Data Set 3.
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Figure 6-3. Prediction of Gas Rate and Cumulative Gas Production for Data Set 5.
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Figure 6-4. Prediction of Gas Rate and Cumulative Gas Production for Data Set 8.
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Figure 6-5. Prediction of Gas Rate and Cumulative Gas Production for Data Set 10.
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Figure 6-6. Prediction of Gas Rate and Cumulative Gas Production for Data Set 12.
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Figure 6-7. Prediction of Gas Rate and Cumulative Gas Production for Data Set 21.
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Figure 6-8. Prediction of Gas Rate and Cumulative Gas Production for Data Set 22.
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Figure 6-9. Prediction of Gas Rate and Cumulative Gas Production for Data Set 39.
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Figure 6-10. Prediction of Gas Rate and Cumulative Gas Production for Data Set 56.
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Figure 6-11. Average Error Distribution for Gas Rate and Cumulative Production.
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Figure 6-12. Sample Error Distribution for all Data Points Taken into Consideration (Data 19).
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6.2. Results of ANN Model for Predicting Well Design Parameters
Well design parameters prediction ANN was developed for estimating well design
parameters from given reservoir characteristics and production profile. From Figure 6-13 through
Figure 6-18 display that numerical model results versus predicted (ANN) value for number of
hydraulic fracture stages, hydraulic fracture half length, hydraulic fracture permeability, hydraulic
fracture width, specified pressure, well length, respectively. They also show associated error
distributions of all 65 testing data sets.
From those figures, it can be seen that network has a good fit and it predicts well design
parameters with less than 5% average error. Estimation of hydraulic fracture permeability was
more difficult compared to other parameters. For instance, though data-11 has error almost 15 %
in Figure 6-15, mean error of all testing data sets is less than 4% for hydraulic fracture
permeability.
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Figure 6-13. Numerical model results vs Predicted Value for Number of Hydraulic Fracture
Stages and Associated Error Distribution.
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Figure 6-14. Numerical model results vs Predicted Value for Hydraulic Fracture Half-length and
Associated Error Distribution.
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Figure 6-15. Numerical model results vs Predicted Value for Hydraulic Fracture Permeability and
Associated Error Distribution.
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Figure 6-16. Numerical model results vs Predicted Value for Hydraulic Fracture Width and
Associated Error Distribution.
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Figure 6-17. Numerical model results vs Predicted Value for Specified Pressure and Associated
Error Distribution.
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Figure 6-18. Numerical model results vs Predicted Value for Well Length and Associated Error
Distribution.
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6.3. Results of ANN Model for Predicting Reservoir Parameters
The purpose of reservoir parameter prediction ANN is to calculate reservoir
characteristics from given well design parameters and production profile.
Figure 6-19 through Figure 6-34 illustrate that numerical model results versus predicted
(ANN) value for pressure, matrix porosity, fracture porosity matrix permeability, fracture
permeability, fracture spacing, temperature, thickness, gas specific gravity, compressibility of
matrix, compressibility of fracture, fault angle, fault length, fault distance1, fault distance2,
respectively. They also show the error distributions of all 65 testing data sets. Most struggling
properties were fracture and matrix porosity, fracture and matrix permeability, and fracture
spacing because those properties have small values except fracture spacing. That is why network
had difficulty to estimate them. For example; reservoir porosity is 2 % and ANN predicts it 1% so
error will be 50 %. In this study those properties are so small numbers changed between 10 -2 and
10 -5; hence, error percentage can be high. Thanks to the vector scaling method, they were
multiplied by constant large numbers. For instance; permeability is 10 -5 mD and it was used as an
input after multiplied by 105 or 106. After vector scaling, errors of ANN decreased to the desired
value. Some of the properties such as porosity and permeability have errors larger than 10 % and
its reason is discussed above. However; from those figures, it is seen that network has ability to
predict reservoir parameters less than 4% average error.
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Figure 6-19. Numerical model results vs Predicted Value for Initial Pressure and Associated Error
Distribution.
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Figure 6-20. Numerical model results vs Predicted Value for Matrix Porosity and Associated
Error Distribution.
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Figure 6-21. Numerical model results vs Predicted Value for Fracture Porosity and Associated
Error Distribution.
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Figure 6-22. Numerical model results vs Predicted Value for Matrix Permeability and Associated
Error Distribution.
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Figure 6-23. Numerical model results vs Predicted Value for Fracture Permeability and
Associated Error Distribution.
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Figure 6-24. Numerical model results vs Predicted Value for Fracture Spacing and Error
Distribution.
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Figure 6-25. Numerical model results vs Predicted Value for Temperature and Associated Error
Distribution.
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Figure 6-26. Numerical model results vs Predicted Value for Thickness and Associated Error
Distribution.
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Figure 6-27. Numerical model results vs Predicted Value for Gas Gravity and Associated Error
Distribution.
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Figure 6-28. Numerical model results vs Predicted Value for Compressibility of Matrix and
Associated Error Distribution.
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Figure 6-29. Numerical model results vs Predicted Value for Compressibility of Fracture and
Associated Error Distribution.
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Figure 6-30. Numerical model results vs Predicted Value for Sealing Capacity and Associated
Error Distribution.
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Figure 6-31. Numerical model results vs Predicted Value for Fault Angle and Associated Error
Distribution.
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Figure 6-32. Numerical model results vs Predicted Value for Fault Length and Associated Error
Distribution.
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Figure 6-33. Numerical model results vs Predicted Value for Fault Distance L1 to the Well and
Associated Error Distribution.
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Figure 6-34. Numerical model results vs Predicted Value for Fault Distance L2 to the Well and
Associated Error Distribution.
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6.4. Results of Testing Beyond the Training Ranges of the ANN Model for Predicting
Production Profile

Further investigation is carried out to examine the estimation capability of production
profile prediction ANN beyond the training ranges. To do that data which has value less than
minimum range called ‘lower range’ and data that has bigger value than maximum range called
‘upper range’ are created for all the reservoir and well design parameters except fault distanceL1
and L2. There is only one parameter taken to beyond the range at a time. From Figure 6-35
through Figure 6-52 show that gas rate and cumulative production of the data out of range. Upper
range plots are shown on the right side of the figures and on the left side of the figures the lower
range plots are displayed except Figure 6-48 and 6-52. There is no lower range graph on Figure 648 because minimum value of hydraulic fracture number is in the used range. Likewise number of
hydraulic fracture stages, sealing capacity plots shown Figure 6-52 do not have upper range
graphs because of the same reason. Fault length and angle are changed together shown in Figure
6-52 in order to avoid an undesired situation like across the well and hydraulic fracture.
Matrix and fracture permeability have the largest errors especially for the lower range
because of the very low value less than 10-9. Furthermore, compressibility of matrix and fracture,
well length, hydraulic fracture permeability and half-length have larger errors too. However;
matrix porosity, fracture porosity, temperature, specific gas gravity, and hydraulic fracture width
are predicted more accurately and their errors are less than 20 %. Network estimates upper range
of some parameters such as initial pressure, fracture spacing, and specified pressure with less than
10 % error. Table 6-1 shows all the error percentages for data out of range.
ANN gives good results if the tested value is closed to the range and not much effective
on production. For example; unlike well-length, temperature which is not an effective parameter
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for production is changing between 130 and 300 F, and it is tested with 120 and 320 F
respectively that is why the errors are less than 10 %.

Table 6-1. Error Percentage for lower and upper range value.

Parameter’s Name
Initial Pressure,(psi)
Matrix Porosity, (%)
Fracture Porosity, (%)
Matrix
Permeability,(md)
Fracture Permeability,
(md)
Fracture Spacing, (feet)
Temperature, (F)
Thickness, (feet)
Gas Gravity
Compressibility of
Matrix, (1/psi)
Compressibility of
Fracture, (1/psi)
Well Length
Number of Hydraulic
Fracture stages
Hydraulic Fracture
Permeability,(md)
Hydraulic Fracture
Width, (inch)
Hydraulic Fracture
Half Length, (feet)
Sealing Capacity, (%)
Fault Length and
Angle
(feet- Degree)

Lower
Range
Error %

< Lower
Value

Range Value
Max

Upper
value <

Upper
Range
Error %

Min

22.5
1.2
3.5

1500
5.5
0.01

2000
7
0.1

8000
16
3

9000
20
9

5.4
5.4
9.8

722.5

8E-10

1 E-09

1 E-02

0.025

22.2

2624.6

8E-5

0.0001

0.2

1

40.1

20
0.6
89.9
8.5

2
120
54
0.35

100
300
300
0.9

150
320
360
0.95

0.6
7.3
5.2
14.1

55.5

2E-6

1
130
60
0.56
7.2 E5

9.6E-5

0.0001

38.4

70.7

1E-10

9 E-8

5 E-7

5E-6

65.8

54.5

3000

4000

10000

11000

85.5

16.4

----

2

30

35-50

44.9

49.9

0.1

10

1.00E6

1.5E6

34.1

2.1

0.084

0.1

0.4

0.42

6.1

37.6

40

100

800

850

20.4

10.9

50-25

60

100

----

21.4

16.2

200010

300015

700090

10000145

20.6
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<Lower Range

Figure 6-35. Production Profile for Initial Pressure Beyond the range.

Upper Range<
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< Lower Range

Figure 6-36: Production Profile for Matrix Porosity Beyond the range.

Upper Range<
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< Lower Range

Figure 6-37: Production Profile for Fracture Porosity Beyond the range.

Upper Range<
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< Lower Range

Figure 6-38: Production Profile for Matrix Permeability Beyond the range.

Upper Range<

75

< Lower Range

Figure 6-39: Production Profile for Facture Permeability Beyond the range.

Upper Range<
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< Lower Range

Figure 6-40: Production Profile for Facture Spacing Beyond the range.

Upper Range<

77

< Lower Range

Figure 6-41: Production Profile for Temperature Beyond the range.

Upper Range<

78

< Lower Range

Figure 6-42: Production Profile for Sealing Capacity Beyond the range.

<Lower Range

79

< Lower Range

Figure 6-43: Production Profile for Thickness Beyond the range.

Upper Range<

80

< Lower Range

Figure 6-44: Production Profile for Gas Gravity Beyond the range.

Upper Range<
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< Lower Range

Figure 6-45: Production Profile for Compressibility of Matrix Beyond the range.

Upper Range<
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< Lower Range

Figure 6-46: Production Profile for Compressibility of Fracture Beyond the range.

Upper Range<

83

< Lower Range

Figure 6-47: Production Profile for Well Length Beyond the range.

Upper Range<
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Upper Range<

Figure 6-48: Production Profile for Number of Hydraulic Fracture Stages Beyond the range.

Upper Range<
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< Lower Range

Figure 6-49: Production Profile for Hydraulic Fracture Permeability Beyond the range.

Upper Range<

86

< Lower Range

Figure 6-50: Production Profile for Hydraulic Fracture Width Beyond the range.

Upper Range<

87

< Lower Range

Figure 6-51: Production Profile for Hydraulic Fracture Half-Length Beyond the range.

Upper Range<

88

< Lower Range

Figure 6-52: Production Profile for Fault Length and Fault Angle Beyond the range.

Upper Range<
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Chapter 7

Summary and Conclusions
Hydraulically fracturing horizontal wells is the most effective way to produce gas from
unconventional gas reservoirs. Since reservoir simulation can be a complex task, artificial neural
networks have an increasing popularity in gas industry. With the use of the ANN technology, it is
possible to predict highly non-linear relationships. Three ANN models developed in this study.
First network model calculates the production profile by using reservoir and well design
parameters. Second ANN model predicts well design parameters with a given reservoir. Last one
estimates unknown reservoir parameters from given production profile, and well design
parameters.
In order to train network well, uniform distribution for each parameter is created by using
MALTLAB. Then, CMG-IMEX is employed to obtain gas rate and cumulative productions. A
total of 62 gas rates and 11 cumulative production values are used in the gas first network model.
The rest of the ANN models were generated using only the first 3 months of data because they
estimate reservoir and well design parameters and it is better to have those parameters in early life
time of the wells.
In the development of network, different number of hidden layers and neuron numbers
are tried to decrease error percentage. The first ANN model has one layer with 160 neurons for
optimum solution and it has less than 5 % error. There are three layers with 80 neurons for each
in the second model. To decrease the errors, functional links are implemented in the input layer
and vector scaling is used in both input and output layer. Vector scaling is a mathematical method
to decrease or increase the value of variable. For example; parameter value can be multiplied with
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a constant number, taken the logarithm, and etc. These procedures help to decrease the errors
under 5 %. Last and the most challenging ANN model has four hidden layers and each of them
have 160, 140, 120, and 100 neurons, respectively. Likewise the second ANN, same procedure is
applied. Only difference is that functional links are used in both input and output layers. It
predicts reservoir parameters with less than 5 % error.
Graphical User Interfaces (GUI) are developed to assist user for all ANN models in this
study.
From this study, following observations and conclusion are obtained:


Results of this study show that ANNs are able to estimate the unknowns of the problem
within an error margin of 5%.



Scaled conjugate gradient (trainscg) back-propagation is found to be an efficient training
function.



Increasing number of hidden layer based on the complexity level of problem improves
the prediction accuracy of the network.



Reservoir parameters with small values are difficult to be estimated by the neural
network.



Applying functional links and vector scaling increased the prediction capability of ANNs.



Accuracy of networks are improved by increasing the number of data sets used in
training.



Logarithmic transformation of some input and output data helps to decrease error
percentage of the ANN model for predicting production profile.



ANN model for predicting production performance has difficulty to estimate initial gas
production rate of some cases.

91
Recommendations for future studies can be as follows:


Curve fitting technique can be tried to increase the prediction accuracy of initial gas
production rate.



Longitudinal hydraulic fracturing type can be included within the study space.
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Appendix A

Parameter Distribution Plots in the Search Space
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Appendix B

MATLAB Script

clc;
clear all;
close all;
format long
load cumulativegas_1040data.txt
load gasrate_1040_2ay.txt
load CMGfeed_1040.txt
INP1=CMGfeed_1040;
OUT1=[gasrate_1040_2ay;
cumulativegas_1040data];
input=[log(INP1(1,:));(INP1(2,:))*100;(INP1(3,:))*100;(INP1(4,:));(INP1(5,:));log(INP1(6,:));
log(INP1(7,:));log(INP1(8,:));INP1(11,:);(INP1(12,:));(INP1(13,:));((INP1(14,:)))*100;((INP1(16,:)));
(INP1(17,:));log((INP1(18,:)));log((INP1(19,:)));log(INP1(20,:));log(INP1(30,:));(INP1(32,:));log(INP
1(40,:)) ;log(INP1(45,:));log(INP1(46,:));log(INP1(47,:))];
P = [input];
T = log(OUT1);%% logarithm of outputs
% Normalizing the data
% Pn stands for normalized input and Tn stands for normalized targets
% Gives all values between -1 & 1
[Pn,ps] = mapminmax(P,-1,1);
[Tn,ts] = mapminmax(T,-1,1);
[mi,ni] = size(Pn);
[mo,no] = size(Tn);
% Defining some random variables required in the network
N_in = mi; %Number of inputs in the network
N_out = mo; %Number of outputs in the network
Tot_in = ni; %Total number of simulations
% Assigning training, testing and validation data sets
% Dividerand function is used to randomly assign simulation runs to each set
[Pn_train,Pn_val,Pn_test,trainInd,valInd,testInd] = dividerand(Pn,0.84,0.07,0.07);
[Tn_train,Tn_val,Tn_test] = divideind(Tn,trainInd,valInd,testInd);
val.T = Tn_val;
val.P = Pn_val;
test.T = Tn_test;
test.P = Pn_test;
% Initiating network parameters
NNeu1 = 160;
% Creating the cascade feedforwardbackpropagation network
net = newcf(Pn,Tn,[NNeu1,mo],{'tansig,'purelin'},'trainscg','learngdm','msereg');
% Providing training parameters to the network
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net.trainParam.goal = 0.00005; %Accuracy within this range
net.trainParam.epochs = 15000; %Number of iterations while training the network
net.trainParam.show = 1;
net.trainParam.max_fail = 10000; %Number of validation check fails before stopping a network. This
is done to prevent over-learninig
net.efficiency.memoryReduction = 1; %To reduce memory requirements
net.trainParam.showWindow = true; %To show the training window
% Training of network
[net,tr] = train(net,Pn_train,Tn_train,[],[],test,val);
% Getting data from the trained network
Tn_train_ann = sim(net,Pn_train);
Tn_test_ann = sim(net,Pn_test);
% Denormalizing the data sets using mapminmax
%output reversal
T_train = mapminmax('reverse',Tn_train,ts);
T_test = mapminmax('reverse',Tn_test,ts);
T_train_ann = mapminmax('reverse',Tn_train_ann,ts);
T_test_ann = mapminmax('reverse',Tn_test_ann,ts);
%input reversal
Pn_train = mapminmax('reverse',Pn_train,ps);
Pn_val = mapminmax('reverse',Pn_val,ps);
Pn_test = mapminmax('reverse',Pn_test,ps);
%%
% Calculating coefficient errors
for k=1:length(T_test(1,:));
for m=1:length(OUT1(:,1));
exp_error(m,k) = abs(((exp(T_test(m,k))-(exp(T_test_ann(m,k))))./(exp(T_test(m,k)))))*100;
end
end
save forward_160_function.mat
xlswrite('exp_error28.xlsx',exp_error) % saving the errors
xlswrite('T_test28.xlsx',T_test) % saving actual values
xlswrite('T_test_ann28.xlsx',T_test_ann) % saving ann values

