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ABSTRACT
When hydrocarbons are produced from oil and gas reservoirs, brine is made as a byproduct. As brine is potentially hazardous to the environment, it has become a major concern for
hydrocarbon producers. In the past, the industry allowed the brine waste to drain into streams for
disposal; now there are more environmentally-friendly methods of underground disposal. Depleted
gas and oil wells are desirable for underground disposal of the produced brine as they have
relatively large capacity and are operated under state regulations.
Artificial Neural Network (ANN) are inspired by biological neural networks, particularly
the central nervous system of animals. They are a powerful tool for pattern recognition,
classification, forecasting and more, which has been applied across many disciplines. With the help
of a relatively large amount of input data, an optimal set of neurons, and correct learning algorithms,
ANN can perform a wide range of tasks that could not be easily solved by traditional rule-based
programming.
In this study, we develop an Artificial Neural Network for brine disposal wells using
depleted gas reservoirs. This ANN model predicts the injection profiles including injection rate,
injection pressure, and total injection time by using a full dataset of reservoir characteristics
including initial pressure, permeability, porosity, reservoir thickness, viscosity, specified bottomhole pressure, and specified flowrate. By using ANN tools we should be able to accommodate
different production regimes based upon their data sets.
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Chapter 1
Introduction
In this study, Artificial Neural Network proxy models, designed specifically for analyzing
the properties of brine disposal wells in depleted gas reservoirs, are introduced, developed and
validated.
In Chapter 2: Literature Review, depleted gas reservoirs will first be introduced as it is the
main reservoir for this study, then the disposal of brine water will be introduced, as the brine
disposal well is the main subject for this study. After that the history and methodology of Artificial
Neural Networks (ANN) will be introduced, as the ANN proxy model is the primary model for this
study.
In Chapter 3: Problem Statement, the concept of “Unit Area” is introduced, it was defined
as a square shaped reservoir, with a water injection well in the center. The size of the “Unit Area”
is an important parameter for the study, it determines the spacing of the multiple identical injection
wells, and how they should be placed onto the entire reservoir in a specific pattern. The objectives
and approach for the study are also discussed, first a knowledge base need to be created by first
randomly generating 3000 combinations of reservoir parameters; then these combinations of
parameters will be simulated by the CMG – IMEXTM Black Oil simulator, creating 3000
combinations of reservoir injection data over 30 years period of time; finally the pair of 3000
combinations of reservoir parameters and 3000 combinations of reservoir injection profiles will be
combined and serves as the Input and Output for developing the ANN proxy models.
In Chapter 4: Reservoir Modeling and Training Data Generation, the simulation process
for creating a database for the neural network model is discussed in great detail. The design scheme
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for the injection process is: the injection well begins injecting under constant water flow rate, the
well bottom-hole pressure will increase, after it increases to a certain pre-determined maximum
allowed bottom-hole pressure, the well will switch the operation mode, and begins injection under
constant bottom-hole pressure, then the water injection rate will decrease, after it deceases to a
certain threshold of pre-determined minimum water flowrate, the well should stops injecting, and
this time would be considered as the total injection time for this project.
In Chapter 5: ANN Development, the process for developing multiple neural networks for
different scenarios and purposes is covered in great detail. Three forward network models are
designed for three different scenarios, the first ANN is for predicting the bottom-hole pressure
profiles of the project, the second ANN is for predicting the water injection rate profiles of the
project, and the third ANN predicts both of the injection profiles for the project. Two inverse
network models are developed for recognizing the design parameters that was original considered
as Input in the forward network models, they are treated as Output for the inverse network models.
In Chapter 6: Result and Discussion, the performance of each neural network is validated,
the comparisons of simulation results and prediction results are all shown in great details. All of
the neural networks developed have shown reliable results, they are effective for predicting
injection profiles for user’s demand.
Finally, in Chapter 7: Summary and Conclusion, a Graphical User Interface for the ANN
proxy models were presented, the performance of each neural network is concluded quantitatively
and qualitatively.
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Chapter 2
Literature Review

2.1 Depleted Gas Reservoir
Depleted gas reservoirs are natural gas fields which have produced most or all of their
recoverable gas. Most old reservoirs offer a large potential storage volume, as they are geologically
capable of holding natural gas. They can be used later on as a main solution for gas storage, or be
used for formation waste water disposal such as the disposal of brine water in this study. Depleted
gas fields are popular choices for storage projects because their reservoir properties can be
favorable for production as well as storage.

Figure 2-1. A Depleted Gas Reservoir (Resources July 1992)
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Depleted gas reservoirs are also attractive for this kind of tasks because they have generally
been studied by geologists and engineers before or during their initial exploration and use; the
reservoir characteristics are oftentimes well known. Also, with existing wells, surface facilities,
and pipelines, start-up and distribution costs could be reduced, which is economically preferable.

2.2 Brine Disposal
Brine are basically the fluids associated with the exploration and production of oil and gas.
As they have no prominent economic value and can be corrosive and hazardous, they are often
considered a waste, thus create a disposal problem. The injection of brine into subsurface nonproducing formation is the preferable solution for the problem of brine disposal, which has been
practiced since 1925. (Elliston and Davis 1944) If such a disposal method is not possible, methods
such as solar or artificial evaporation, or stream dilution would be considered. In some cases, brine
is not a liability but an asset: the water is injected back into the formation to maintain the bottomhole pressure or provide propulsive force in water flooding. (Mohamed, et al. 2016) This should
not be confused with brine disposal, as this practice is not considered for the purpose of this study.
Disposal wells are implemented to dispose of the unwanted brine; the current solution is to
pump the brine by a disposal well back into the formation it came from. (Moore and Rollins 1959)
For regulatory and economical purposes, the number of disposal wells should be reduced to an
optimum by making use of the entire capacity of each disposal well. (H. Elliston 1942) The initial
cost can also be reduced by using the existing gas production wells to convert them for brine
disposal operations. (Knowles and Boytim 1995) Most of the disposal wells used are Class II water
injection wells. 20% of the total usage of approximately 144,000 Class II wells in the U.S is used
for disposal of fluids associated with oil and gas production, the other 80% of usage is for enhanced
oil recovery. (McCurdy 2011) Class II wells are only used to inject fluid associated with oil and
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gas production, Class II fluids are mainly brines associated with the production. Other types of
wells including Class I: Industrial and Municipal Waste Disposal Wells, Class III: Injection Wells
for Solution Mining, Class IV: Shallow Hazardous and Radioactive Injection Wells, Class V: Wells
for Injection of Non-Hazardous Fluids into or Above Underground Sources of Drinking Water,
Class VI: Wells Used for Geologic Sequestration of CO2. (EPA 2017)

Figure 2-2. A Brine Disposal System (McCurdy 2011)
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2.3 Artificial Neural Networks

2.3.1 A Brief Introduction and History
Artificial neural networks (ANNs), unlike biological neural networks which are formed of
biological neurons connected by axons, are a computational tool used to solve problems with the
help of extensive number of neural units trying to model the functionality of the biological human
brain. They are applicable in many situations as long as the predicted variables (inputs) and
unpredicted variables (outputs) are related to each other, even when the relationship is too
complicated to solve using normal mathematical or computational approaches.
The study of neural networks began as early as 1940s, which is almost in the same era of
programmable electronic computers. In 1943, Warren McCulloch and Walter Pitts introduced the
model of neurological networks and the basic algorithm of the neural network system. (McCulloch
and Pitts 1943) In 1947, Walter Pitts and Warren McCulloch discussed the application of neural
networks for the recognition of special patterns. (Pitts and McCulloch 1947) In 1949, Donald O.
Hebb formulated the classical Hebbian Rule, which states that when two neurons are being active
at the same time, the connection between these neurons is strengthened. However, in 1949, a
practical neural network had not been developed yet due to the low computing power of machines
in that age. In 1957, the first successful neurocomputer, the Mark I perceptron, was created by
Frank Rosenblatt and Charles Wightman. It could recognize simple numeric with the help of image
sensors. (Hagan, et al. 1995) In 1960, the first commercially used neural network was created by
Bernard Widrow and Marcian E. Hoff called ADA-LINE, the superior adaptivity of this network
makes it more efficient and powerful than the perceptron network. (Widrow and Hodd 1960) After
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a certain period of downtime, due to the lack of promising results, hence the lack of research
funding. In 1974, Paul Werbos developed the backpropagation error checking technique, however
it was not seen as important as it was in later years even till now.
In the 1980s, neural network research became much more practical and promising. In 1986,
the importance of backpropagation algorithm was finally appreciated with the publication of the
famous paper by David Rumelhart, Geoffrey Hinton, and Ronald Williams, it was possible from
that point to use neural networks to solve problems which could not be dealt with before. Multilayer
perceptron computers were implemented to successfully solve non-linear problems. From then on
the research, development, and application of neural networks has boomed to a new level with the
help of researchers, scientists, and modern computing technologies. Today we can make use of
neural network techniques from easily available academic software to apply the problem-solving
abilities to on-going research or studies.

2.3.2 Neural Network Structure
As discussed previously, artificial neural networks are inspired by biological brain neurons.
As we can see from the illustration below, the biological neuron mainly consists of three
components: dendrites, axons and cell bodies.

Figure 2-3. A Simplified Biological Neuron Structure (Hagan, et al. 1995)
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Dendrites are nerve fibers used to receive electrical signals to the cell body, the cell body
will then process these signals and transfer the signals to other neurons through its axon. The
synapse is the point where the other neuron receives the signal from the dendrite of the previous
neuron. These receiving and transferring activities are the foundation of a neural network. The brain
can perform extremely complex tasks by making use of a large number of these processing units.
Artificial neural network models the functionality of the neurons with simpler structure than the
brain to produce some convincing results.
An artificial neuron will first receive inputs from a certain set of data or from other neurons,
then each input is weighted and summed, the weighted sum will then subtract the threshold from
each input to form the activation of the neuron. This activation signal will then pass through a
transfer function to generate the output of this neuron to the next.

Figure 2-4. Single Input Neuron (Hagan, et al. 1995)

Figure 2-4 is an illustration of a single input neuron structure, calculated as:

𝑎 = 𝑓(𝑤𝑝 + 𝑏)…………………………….…… (2-1)
Where “a” is the output, “w” is the weight, “p” is the input, “b” is the bias, “n” is the net
input, and “f” is the transfer function. This output highly depends on the type of transfer function
used.
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Figure 2-5. Multiple Input Neuron (Hagan, et al. 1995)
Figure 2-5 shows a neuron with R set of inputs, each input is weighted by a corresponding
weight, these weight forms a matrix “X”. Thus, the net input will be defined as:

𝑛 = 𝑤1,1 𝑃1 + 𝑤1,2 𝑃2 + ⋯ + 𝑤1,𝑅 𝑃𝑅 + 𝑏……………..…..….. (2-2)
When in matrix form, n becomes:

𝑛 = 𝑾𝒑 + 𝑏…………………………………… (2-3)
Now the output becomes:

𝑎 = 𝑓(𝑾𝒑 + 𝑏)…………………………………. (2-4)
Until now we have only a single neuron with single or multiple inputs. However,
depending on the complexity of the problem, the structure of multiple neurons and even multiple
layers of neurons will be discussed.
The basic workflow for all these structures are still: the neurons will collect the data from
other neurons, weight the inputs, and sum the values and biases, then the transfer function is used
to transform the net inputs and initiate a new activation, sending the modified data through the
output function to other neurons.
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Figure 2-6. A Layer of S Neurons (Hagan, et al. 1995)
Figure 2-6 shows a single layer network structure, each input is connected to all the
neurons, thus creates a much more complicated structure than the single layer neuron structure.
Each neuron here has its own set of weighted inputs, bias, transfer function and output. The input
and output are all in matrix form.

𝑊= [

𝑤1,1
𝑤2,1
𝑤𝑆,1

⋮

𝑤1,2
𝑤2,2

⋯

𝑤𝑆,2

⋱
⋯

𝑤1,𝑅
𝑤2,𝑅
⋮ ]…………………….……… (2-5)
𝑤𝑆,𝑅

W is the weight matrix serves as the input vector.

𝑎1,1 𝑎1,2
𝑎2,1 𝑎2,2
𝐴= [
⋮
𝑎𝑆,1 𝑎𝑆,2

𝑎1,𝑅
⋯ 𝑎
2,𝑅
⋱
⋮ ]…………………….……… (2-5)
⋯ 𝑎𝑆,𝑅

A is the output matrix after the transfer function was implemented through each net
inputs.
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Figure 2-7. Multiple Layer Network (Hagan, et al. 1995)
Figure 2-7 shows a neural network with multiple layers of neurons, if the output of a layer
is the final output of this network, then this layer is called “output layer”; the other layers in between
the input layer and this final output layer are called “hidden layers”. As shown in this structure, the
first layer and second layer are hidden layers, and the third layer is the output layer. Unlike single
layer networks with only one single set of neurons and transfer functions, by implementing different
transfer functions on different neuron layers, this multi-layer structure can solve much more
complicated problems. At this point, it is actually unsure what the number of neurons would be in
the hidden layers, one need to decide the optimal number of neurons required in these hidden layers,
which can be solved by backpropagation error checking technique. This backpropagation algorithm
will be discussed in the ANN development chapter.
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2.3.3 Transfer Function
Transfer functions, or activation functions, are used to determine the activation of a neuron
from the previous layer of input and its threshold value. The different types of frequently used
transfer functions and their corresponding behavior will be discussed in this section.
•

Hard Limit Transfer Function

Figure 2-8. Hard Limit Transfer Function (Hagan, et al. 1995)
Hard limit transfer functions can only take on two values: when the input exceeds a certain
threshold, the value changes. This is also called Heaviside function or step function.
•

Linear Transfer Function

Figure 2-9. Linear Transfer Function (Hagan, et al. 1995)
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Linear transfer functions use a linear relationship to determine the output of this function
based upon a direct relationship to its input value. When a bias is included, its corresponding output
value will be the weighted input plus the bias.
•

Log-Sigmoid Transfer Function

Figure 2-10. Log-Sigmoid Transfer Function (Hagan, et al. 1995)
These functions are also called the Fermi functions or logistic functions, the equation for
this type of function is:

𝑎=

1
1+𝑒 −𝑛

……………….……………….………. (2-6)

It takes the input value and maps it to the output of range between 0 and 1. It is frequently
used in multilayer networks trained by the backpropagation algorithm.

•

Hyperbolic Tangent Transfer Function

𝑎=

𝑒 𝑛 −𝑒 −𝑛
𝑒 𝑛 +𝑒 −𝑛

…………………………………… (2-7)

Hyperbolic tangent transfer functions map the input values to an output value with a range
of -1 to 1. Both the Log-Sigmoid functions and the hyperbolic tangent functions are differentiable,
this contributes to the implementation of backpropagation algorithm in these two functions.
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Table 2-1. Transfer Functions in MATLAB

Table 2-1 shows the transfer functions which can be used in MATLAB neural network
toolbox. In this study, the hard limit transfer function (hardlim), linear transfer function (purelin),
log-sigmoid transfer function (logsig), hyperbolic tangent sigmoid transfer function (tansig) and
positive linear transfer function (poslin) were all implemented or tested at one point. Other types
of functions need to be used to complete the training process, including: training function, learning
function and performance function, which will be covered in chapter 5 in detail.
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Chapter 3
Problem Statement
In this study, we will be looking into the salt water disposal wells. The main purpose of
these wells is to inject brine into deep non-producing subsurface formations as a way of disposal.
Brine can also be injected into the producing formations to maintain the bottom-hole pressure, or
to provide propulsive force in water flooding. For subsurface disposal, brine can be disposed of in
salt caverns, saline water zones, or depleted gas reservoirs. The primary focus of this study will be
on disposing of brine in depleted gas reservoirs.
Generally, some of the guidelines for selecting the location of a disposal well are:
•

High injectivity (high permeability, high porosity) can be expected from the well
data of adjacent area

•

Large areal extent, sufficient thickness and good continuity

•

Low reservoir pressures with minimal energy and maintenance costs

However, there can be many uncertainties involved in the process of optimizing the
location or the spacing of the disposal wells. Reservoir engineering knowledge and reservoir
simulation can be used to find a possible solution, but it can be a very tedious and time-consuming
process, in a word, inefficient for the computing requirement. A model designed specifically for
the disposal of brine into depleted gas reservoirs is more efficient. The model will provide the
desired injection schemes and profiles, or provide the unknown reservoir characteristics with the
help of user defined inputs. Upon completion, all these requirements can be realized with a
reasonable result in less than one minute, comparing to hours or days in a reservoir simulation
software.
Neural networks can be used to solve these oil and gas related problems which have mostly
complex and non-linear properties. Artificial Neural Networks (ANNs) can learn from these non-
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linear relationships and successfully predict reasonable results even when uncertainty or noise
exists in the inputs. It can be used for classification, prediction, or pattern recognition. These
advantages of ANNs make them an appropriate tool to solve this specific gas reservoir problem.
The first goal of this study is to determine the arrangement for the brine disposal wells.
With this idea in mind, a unit square area was introduced which will later be combined to form a
set of wells.

Figure 3-1. Illustration of a Unit Area
Figure 3-1 shows a single unit area one injection well in the center. This unit area is
considered to be a square reservoir with a no-flow boundary on each side. This reservoir is isotropic
and homogeneous in every direction. It has two phases which are gas and water.

Figure 3-2. Illustration of a Reservoir with 12 Injection Wells
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In figure 3-2, these wells were arranged in a symmetrical way, each well and each unit
area is identical to the others, thus they will each have a hypothetical no-flow boundary in between
them.

Figure 3-3. Pressure Map of a Reservoir with 12 Injection Wells
With this kind of setup, as long as we have information about the properties and injection
profiles of one unit area, it can be applied to the whole reservoir region, with a set of wells centered
in a specific number of unit areas, dependent upon the user’s requirement. For example, the
reservoir shown in Figure 3-3 was divided into 12 unit areas with 12 identical injection wells.
The wells can also be arranged irregularly, so long as they are assumed to be identical and
adjacent to each other. There can be as many or as few of well as needed depending on the demand.
In this study, one primary design parameter is the unit area. If there is a reservoir with surface area
of X acres, and a unit area of Y acres, then we should need a set of wells with the amount of X
divided by Y.
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Figure 3-4. Illustration of a Reservoir with 11 Injection Wells
In Figure 3-4, there is a reservoir with 11 injection wells, all adjacent to each other. Since
the outer boundary of the whole grid is assumed to be a no-flow boundary, and in between these
adjacent wells are hypothetical no-flow boundaries, therefore, as long as we analyze the injection
profiles and the parameters of one unit area, we will have a knowledge of the entire reservoir.
For example, to inject a total of 220×106 𝑆𝑇𝐵 (𝑆𝑡𝑜𝑐𝑘 𝑇𝑎𝑛𝑘 𝐵𝑎𝑟𝑟𝑒𝑙) of brine into the
entire reservoir, in the reservoir in Figure 3-4, we would need to inject 20×106 𝑆𝑇𝐵 of brine into
each unit area. All the wells in this example are performing the same way under the same reservoir
condition, and at the same time.
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Figure 3-5. Illustration of a Reservoir with 47 Injection Wells
Figure 3-5 shows the same reservoir with 47 injection wells; this different type of
arrangement gives a relatively closer match to the actual area of the reservoir surface. Wells are
arranged in such a way that the areas which are not covered by the well grid can be compensated
for by the “unit area” shown in Figure 3-1 which exceeds the boundary limit.
Keeping the concept of “unit area” in mind, the main objectives of an ANN model for the
study of injecting brine into depleted gas reservoirs using disposal wells are:
•

Deciding how the wells should be arranged

•

Determining injection pressure during the course of the injection

•

Determining the injection rate during the course of the injection

•

Determining the total injection time

To solve these problems, a knowledge base must first be created. 3000 different sets of
parameters were randomly generated, which include: Area, Reservoir Thickness, Porosity, Initial
Water Saturation, Permeability, Water Injection Rate, Reservoir Depth, Initial Pressure, Injection
Pressure, Reservoir Temperature, Gas Specific Gravity and Irreducible Water Saturation. Each
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parameter was randomly generated within a suitable range. These parameters were the input for the
ANN proxy model.
After this, the CMG simulation software was employed to create a reservoir model. The
reservoir properties and design parameters we generated previously will be used to simulate various
different injection scenarios. After 3000 simulations for 3000 different scenarios, 3000 injection
profiles will be created, water injection rate over time and injection pressure over time will be
extracted as the output for the ANN proxy model. These 3000 sets of different inputs and outputs
will serve as a knowledge base for the ANN model development.
Extensive training algorithms were then implemented to create an ANN model using the
MATLAB neural network toolbox. The neural network was then refined using various methods to
reach the least possible error. After this desirable error was reached, a GUI (Graphical User
Interface) was then created using MATLAB to serve as an efficient operating interface for users to
access. This ANN proxy model was then imbedded into the GUI to complete the Brine Disposal
Well Design and Performance Prediction Tool. After a user enters any combination of reservoir
characteristics and design parameters, this tool will predict the injection profiles, injection rate, and
injecting pressure over time along with several other data desired by the user, all within a matter of
seconds.
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Chapter 4
Reservoir Modeling and Training Data Generation

4.1 Reservoir Design
As we discussed in the previous chapter, we will be focusing on one unit area, and we treat
this single unit area as a square reservoir.
CMG – IMEXTM black-oil simulator was used to simulate this reservoir. A vertical
injection well was placed in the geometrical center. The well layout is shown in Figure 4-1.

Figure 4-1. Well Layout of the Unit Reservoir
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This reservoir model has these following conditions:
•

Depleted gas reservoir

•

2-Dimensional square model

•

Single porosity

•

Isotropic and homogeneous in every direction

•

No oil saturation

•

Uniform grid distribution

•

Two-phase (gas and water)

•

Skin factor is neglected

•

Capillary pressure is neglected

•

Brine is injected into the center well

Figure 4-2. An Example of Injection Pressure Map
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4.2 Reservoir Properties
In order to create a database for the ANN model, an extensive amount of input and output
need to be generated. MATLABTM was used to generate all the parameters needed for creating the
input for both the CMG simulator and the ANN model. Each parameter was randomly generated
using continuous uniform distribution, within a certain selected range.
A number of parameters were involved in the reservoir simulation. Input for the ANN
model in this study consisted of reservoir characteristics and design parameters. Reservoir
characteristics are intrinsic reservoir properties that are randomly generated to accommodate
different reservoir scenarios within a certain range. These include: reservoir thickness, reservoir
depth, permeability, porosity, gas specific gravity, irreducible water saturation, initial water
saturation and initial reservoir pressure.

Table 4-1. Range of Reservoir Characteristics

Parameters

Minimum Value

Maximum Value

Unit

Reservoir Thickness (h)

40

300

ft

Reservoir Depth (D)

400

4000

ft

Permeability (k)

0.1

100

mD

Porosity (Φ)

0.1

0.3

fraction

Gas Specific Gravity (γg)

0.5

0.9

fraction

Irreducible Water Saturation (Sirr)

0.1

0.2

fraction

Initial Water Saturation (Swi)

0.3

0.7

fraction

Initial Reservoir Pressure (Pi)

100

500

psi
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Design parameters are user defined parameters used in the ANN proxy model, there are
also randomly generated and served as inputs, however, they are properties directly relevant to
user’s objective. These parameters include: unit area, well bottom-hole pressure, and water
injection rate.

Table 4-2. Range of Design Parameters

Parameters

Minimum Value

Maximum Value

Unit

Unit Area (A)

40

1600

acre

Bottom-hole Pressure (BHP)

1000

7000

psi

Water Injection Rate (QW)

1000

10000

bbl/day

Several other properties are directly correlated to the reservoir characteristics we generated.
Therefore, it is essential to calculate them accordingly.
Reservoir temperature (T) is a function of reservoir depth (D):
𝑇 = 70 +

𝐷
100

…………………………….…… (4-1)

Where reservoir temperature increases with depth, the unit of T is degree Fahrenheit.

Compressibility factor (Z) is a function of gas specific gravity (γg), reservoir pressure (P)
and reservoir temperature (T)：
𝑃𝑝𝑐 = 756.8 − 131.07𝛾𝑔 − 3.6𝛾𝑔2 ………..…………… (4-2)
𝑇𝑝𝑐 = 169.2 + 349.5𝛾𝑔 ………………...………… (4-3)
𝑃

𝑃𝑟 = 𝑃 …………………………………. (4-4)
𝑝𝑐

𝑇

𝑇𝑟 = 𝑇 ………………….……………… (4-5)
𝑝𝑐
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The Dranchuk and Abou-Kassem (Dranchuk and H.Abou-Kassem 1973) equation of state
is used for calculating compressibility factor Z:
𝐴

𝐴

𝐴

𝐴

𝐴

𝐴

𝐴

𝐴

𝑍 = 1 + (𝐴1 + 𝑇2 + 𝑇 33 + 𝑇 44 + 𝑇55 ) 𝜌𝑟 + (𝐴6 + 𝑇7 + 𝑇 82 ) 𝜌𝑟2 − 𝐴9 ( 𝑇7 + 𝑇 82 ) 𝜌𝑟5 +
𝑟

𝑟

𝑟

𝑟

𝑟

𝑟

𝑟

𝑟

𝜌2

𝐴10 (1 + 𝐴11 𝜌𝑟2 ) (𝑇𝑟3 ) exp(−𝐴11 𝜌𝑟2 ) ……………………………. (4-6)
𝑟

Where:
𝜌𝑟 =

0.27𝑃𝑟
(𝑍𝑇𝑟 )

………………….....…………….. (4-7)

And the constants are:
𝐴1 = 0.3265; 𝐴2 = −1.0700; 𝐴3 = −0.5339; 𝐴4 = 0.01569; 𝐴5 = −0.05165;
𝐴6 = 0.5475; 𝐴7 = −0.7361; 𝐴8 = 0.1844; 𝐴9 = 0.1056; 𝐴10 = 0.6134; 𝐴11 = 0.7210.

Viscosity (µg) is a function of compressibility factor (Z), gas specific gravity (γg ), reservoir
pressure (P) and reservoir temperature (T), the analytical method developed by Lee et al. (Lee,
Gonzalez and Eakin 1966) was used for calculation:
𝜇𝑔 = 𝐾1 exp(𝑋𝜌𝑌 ) ……………………………… (4-8)
Where:
𝜌 = 0.00149406
𝐾1 =

𝑃𝑀𝑔
𝑍𝑇

………………..………….. (4-9)

(0.00094+2×10−6 𝑀𝑔 )𝑇 1.5
(209+19𝑀𝑔 +𝑇)

𝑋 = 3.5 +

986
+
𝑇

……………………….. (4-10)

0.01𝑀𝑔 ……….…..……………. (4-11)

𝑌 = 2.4 − 0.2𝑋 ………….…………………. (4-12)
𝑀𝑔 = 28.967𝛾𝑔 ……………...….…………. (4-13)
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Relative permeability (kr) is a function of water saturation (Sw) and irreducible water
saturation (Sirr), Corey’s correlation (Corey and Rathjens 1956) for relative permeability was used
for calculation:
𝐾𝑟𝑔 = [

𝑆𝑔

1−𝑆𝑖𝑟𝑟

1−𝑆𝑔 −𝑆𝑖𝑟𝑟 2
) ]
1−𝑆𝑖𝑟𝑟

]2 [1 − (

……………...…………… (4-14)

𝑆 −𝑆

𝑤
𝑖𝑟𝑟 4
𝐾𝑟𝑤 = [ 1−𝑆
] …………………..……..………. (4-15)
𝑖𝑟𝑟

4.3 Project Design Scheme
The ANN expert model in this study aims to provide a reasonable prediction of injection
profiles over a period of time, it is therefore important to determine the scheme of the project before
the simulation starts.
Maximum project time was set as 11000 days, which is approximately 30 years. The well
starts injecting brine into the formation on day one, the injector operates under a certain constant
water injection rate from the start, water flow rate and well bottom-hole pressure were monitored
every step of the way. Once the maximum bottom-hole pressure was reached, the constraint for the
injector will switch to bottom-hole pressure, the well then operates under a certain constant bottomhole pressure, instead of a constant flow rate. The flow rate begins decreasing due to the constant
bottom-hole pressure, and eventually reach a certain threshold. Once the minimum flow rate has
been reached, the injector stops injecting. This time was recorded as the project life for this single
simulation. For simulation purposes, the well keeps operating until the maximum project time is
reached, to collect all the data within 30 years of simulation time.
Figure 4-3 is an example showcasing the design scheme of the injection project. Brine was
first injected into the formation under constant flow rate of 1200 barrels per day, beginning in the
year 2000. Once injection begins, bottom-hole pressure keeps increasing, until it reaches the
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maximum bottom-hole pressure allowed, in this case, 3000 psi. Around year 2021, the injector
starts operating under the condition of a constant well bottom-hole pressure of 3000 psi. The water
flow rate now begins decreasing, and within a period of time, it will decrease to a threshold of 20
bbl/day in this case, this time was then recorded, which is around year 2023. The well continue
operates until the final project time 30 year was reached for simulation purposes.

Figure 4-3. An Example of Project Design Scheme
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4.4 Grid Block Sensitivity Analysis
During reservoir simulation in CMGTM, properties were calculated discretely block by
block based on a grid system, it is necessary to have a applicable grid block system for our
simulation. A Cartesian grid system was used in this study, mainly because it is efficient for the
square shaped unit area which was treated as a reservoir.

Figure 4-4. Water Saturation Schematic in a 11*11 Grid System

Figure 4-5. Water Saturation Schematic in a 45*45 Grid System
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Figure 4-6. Water Saturation Schematic in a 91*91 Grid System

As can be seen in the above figures showing water saturation schematics in different grid
systems, the finer the grid is, the more accurate it is for the reservoir simulation. However, since
the calculation is based on each block, the finer the grid is, the more blocks needed to simulate the
whole reservoir, which requires a longer computational time.
The purpose of this sensitivity analysis is to find an optimum grid system that gives the
most relatively accurate result, while having an acceptable computation time. Several cases were
created for injection simulation, and they were each tested with various different grid systems, from
11*11, 15*15 to 91*91. Odd numbers of blocks must be used because there is an injection well in
the grid center.
Figure 4-7 shows a comparison of well bottom-hole pressure over time between each
different reservoir grid system. This particular case is simulated within a 400 acres reservoir, under
a constant flow rate of 1500 barrels per day and the simulation runs for 30000 days.
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Figure 4-7. Bottom-hole Pressure Comparison for Different Grid Systems

Figure 4-8. Enlarged View of Bottom-hole Pressure Comparison
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The enlarged view of the comparison plot Figure 4-8 shows that, as the grid becomes finer,
the pressure profile converges to each other. A number of different simulations were performed
under various different conditions, they all shows the same pattern, the lines converges towards the
finer grid system. Therefore, 91x91 grid system was selected and considered the most appropriate
for the reservoir simulation in this study.

4.5 Reservoir Simplification
The computation process of reservoir simulation can be very extensive and timeconsuming. In order to create an applicable database for the ANN expert model, thousands of cases
need to be simulated. After simulation, results need to be extracted from every single case. The
91x91 grid system used in this study offers the most accurate result for simulation compared to
other grid systems, however, each of the case takes hours to simulate through and hours to extract
results from. Therefore, it is necessary to simplify the reservoir for better simulation efficiency.
The reservoir in this study is square shaped, two dimensional, and is assumed to be
isotropic and homogeneous, which means the reservoir properties are the same in every direction.
With this setup, a square shaped quarter of the original reservoir was picked as the new subject.

Figure 4-9. Illustration of Reservoir Simplification
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As is shown in Figure 4-9, the new reservoir area is shown in the red square, which is onefourth of the size of the entire unit reservoir. The wellbore block was cut through theoretically, and
only a quarter of its original portion was used for simulation.

Figure 4-10. Illustration of Well Block Simplification
Figure 4-10 is an illustration of the well block. The shaded area, which is one fourth of its
original area, was used for simulation. It should be kept in mind that the flowrate of the simplified
reservoir, is now a quarter of the previous flow rate. Also, the new reservoir area, is a quarter of
the previous reservoir area.

Figure 4-11. Water Saturation Map for the Simplified Reservoir
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As shown in Figure 4-11, the well is now in the bottom left corner, instead of the center in
the original reservoir. This reduces the grid system to 45*45, with an injection well located at block
number (1,45). The block sizes for the reservoir simulation in this study depends on the reservoir
area determined by the user. For better accuracy, the block size for the well block was set as a
constant of 10 feet, block size of all other blocks should change depending on the grid system.
It should also be kept in mind that, after the reservoir simulation is done, the flowrate and
the area should be recalculated to the same as the original reservoir which has not been simplified,
before using in the ANN model creation. This whole simplification process was purely for
increasing computation efficiency, it halves the simulation time for each run.

4.6 Training Data Collection
3000 different combination of randomly generated inputs were used in the reservoir
simulation, with each set of inputs representing a specific reservoir injection scenario. After weeks
of actual simulation time, injection profiles were generated for every single case, including: water
flow rate over time, cumulative water volume over time, well bottom-hole pressure over time, and
also other real-time properties that are not of interest for creating the ANN model.
After each simulation was completed, daily data was stored in files for each case. Each
injection project lasts 11000 days, therefore, 11000 sets of water flow rate and well bottom-hole
pressure data were stored, along with 11000 sets of associated inputs.
The injection profiles shown in figure 4-12 represents the reservoir simulation result for
the 3000th case. Besides the daily injection data for each case, two specific time points are also of
great importance to the ANN model, they are the time when the bottom-hole pressure reaches
maximum and the time when the water flow rate reaches the minimum. These time points will also
be included as outputs in the upcoming ANN model.
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Figure 4-12. Reservoir Simulation Result for Case 3000

Classification will be needed for these generated simulation results, input and output are
both categorized and assembled before used for training the ANN model. These will be covered in
the next chapter in great detail.
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Chapter 5
Artificial Neural Network Development

5.1 Neural Network Overview

5.1.1 Neural Network Types
Different neural networks have different approaches and different objectives. Some of the
common types of neural networks are:
•

Feed-forward neural networks (FF)
Single layer perceptron (SLP) and multiple layer perceptron (MLP) are both feedforward networks. The network feed the information from the input to the output,
the layers consists of the input layer, hidden layers and the output layer. Neurons
are generally fully connected for two adjacent layers. (Rosenblatt 1958)

•

Radial Basis Function networks (RBF)
The concept of activation function was covered in chapter 2. If a feedforward
neural network uses the radial basis function as its activation function, then this
network is called radial basis function network. (Broomhead and Lowe 1988)

•

Hopfield Networks (HN)
In this network, every neuron is inter connected to other neurons. Each node in the
neural network can be either input, hidden or output, dependent upon their
relationships to the afferent and efferent nodes. (Hopfield 1982)
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•

Kohonen Networks (KN)
In this network, input is fed to the network, then the network will evaluate the
closest match of the neurons to the input. After this, the neurons are adjusted to be
more closely matched to the input. (Kohonen 1982)

Some other networks include:
•

Deep Belief Networks (DBN) (Bengio, Lamblin and Popovici 2007)

•

Adaptive Resonance Theory Networks (ARTN)

•

Convolutional Neural Networks (CNN)

•

Recurrent Neural Networks (RNN) (Elman 1990)

•

Boltzmann Machines (BM)

•

Autoencoders (AE) (Bourlard and Kamp 1988)

5.1.2 Multiple Layer Perceptron
Multiple Layer Perceptron (MLP), a type of Feed-forward neural networks (FF), was
selected as the principle neural network for this study.
As shown in figure 5-1, MLP typically consists of at least three layers, input layer, hidden
layer, and output layer. ‘multiple layer’ in MLP represents the multiple hidden layers used in the
network. In MLP, the weighted sum of inputs is calculated at each layer for each neuron, before
feeding them to the transfer functions for the next layer.
Backpropagation algorithm was used for the Feed-forward network. This is also called the
“backward propagation of errors”, because the primary purpose of this algorithm is to optimize the
network performance by adjusting the weights between neuron connections.
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Figure 5-1. Multiple Layer Perceptron (MLP) structure (Wang and Devabhaktuni 1999)
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5.1.3 Training Function
Training functions are necessary for updating the weights for the neurons in the hidden
layers, however, it can be very difficult to know the appropriate and fastest training algorithms
before developing a neural network. Trial and error are often needed before selecting the applicable
algorithm for the network. Some of the training algorithms in the MATLAB neural network toolbox
are introduced in table 5-1.
Table 5-1. Training Functions in MATLAB Toolbox (MathWorks 2017)

Abbreviation

Algorithm

Description

LM

trainlm

Levenberg-Marquardt Backpropagation

SCG

trainscg

Scaled Conjugate Gradient Backpropagation

BFG

trainbfg

BFGS quasi-Newton Backpropagation

OSS

trainoss

One Step Secant Backpropagation

GDX

traingdx

Variable Learning Rate Backpropagation

CGB

traincgb

Powell-Beale Conjugate Gradient Backpropagation

CGF

traincgf

Fletcher-Powell Conjugate Gradient Backpropagation

CGP

traincgp

Polak-Ribiere Conjugate Gradient Backpropagation

RP

trainrp

Resilient Backpropagation

Scaled conjugate gradient backpropagation (trainscg) was selected for the ANN
development due to its better efficiency and faster convergence rate. SCG is more effective than
some of the other conjugate gradient algorithms such as BFG, as it can use parameters that are not
user-dependent, it also avoids a time-consuming line search during each iteration, which increases
its efficiency. (Moller 1993)
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5.1.4 Learning Function
Training function are used to train a neural network to make it recognize the initial input
and then map it to the output, in addition, learning functions are used to manipulate individual
weights and biases. Some of the learning functions in the MATLAB neural network toolbox are
introduced in table 5-2.
Table 5-2. Learning Functions in MATLAB Toolbox (Demuth 2006)

Learning Function

Description

learngdm

Gradient descent with momentum weight and bias learning function

learngd

Gradient descent weight and bias learning function

learncon

Conscience bias learning function

learnk

Kohonen weight learning function

learnis

Instar weight learning function

learnp

Perceptron weight and bias learning function

learnpn

Normalized perceptron weight and bias learning function

learnsom

Self-organizing map weight learning function

learnsomb

Batch self-organizing map weight learning function

Gradient descent with momentum weight and bias learning function (learngdm) was
selected for the ANN development. For a given neuron from the its input P and error E, this learning
function calculates the weight change dW, the weight W, learning rate LR and momentum constant
MC. The equation for the algorithm is: (Demuth 2006)
𝑑𝑊 = 𝑀𝐶 ∗ 𝑑𝑊𝑝𝑟𝑒𝑣 + (1 − 𝑀𝐶) ∗ 𝐿𝑅 ∗ 𝑔𝑊 ……………………. (5-1)
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5.1.5 Performance Function
A performance function was used to measure the performance of the neural network, as the
performance will be monitored throughout the training process. Some of the performance functions
in the MATLAB toolbox are introduced in table 5-3.
Table 5-3. Performance Functions in MATLAB Toolbox

Performance Function

Description

mse

Mean squared normalized error performance function

mae

Mean absolute error performance function

sse

Sum squared error performance function

A modified version of the Mean square normalized error performance function (mse) was
selected for the ANN development. The typical mse performance function use the mean sum of the
squares of the network errors: (Demuth 2006)
1

1

𝑁
2
2
𝐹 = 𝑚𝑠𝑒 = 𝑁 ∑𝑁
𝑖=1(𝑒𝑖 ) = 𝑁 ∑𝑖=1(𝑡𝑖 − 𝑎𝑖 ) …………….……… (5-2)

The generalization can be improved by adding a term that incorporates the mean of the
sum of the squares of the network weights:
𝑚𝑠𝑒𝑟𝑒𝑔 = 𝛾𝑚𝑠𝑒 + (1 − 𝛾)𝑚𝑠𝑤 …………..……………... (5-3)
γ is the performance ratio, and:
𝑚𝑠𝑤 =

1 𝑁
∑ (𝑤 )2
𝑁 𝑗=1 𝑗

………………………………….. (5-4)

This generalized and modified version of performance function (msereg) makes the
network use smaller weights, forces the network to smoother performance, and reduces the
possibility of overfitting and memorization problems.
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5.2 Forward Neural Network

5.2.1 Forward Network Overview
As was discussed in “Chapter 4: Reservoir Modeling and Training Data Generation”, 3000
different sets of scenarios were generated using CMG simulation software, along with their
respective input and output. In this section, the generated data will be introduced to the
corresponding neural network.
In the forward network, the input consists of both reservoir characteristics and design
parameters, the output is the injection profile of the brine disposal well. The objective of the forward
network is to predict a certain type of outcome with the given data.

Figure 5-2. Forward Network Diagram

Functional links will also be incorporated into the training process, they are additional
mathematical relationships between the input data and the output data. Functional links can
sometimes improve the overall performance of the neural network, various different combinations
of functional links were attempted in order to have a beneficial result.

42
5.2.2 Forward Network Classification
Except for the 30 injection cases that are unfeasible and inapplicable to realistic reservoir
condition, the other 2970 injection cases were assessed and selected as database.
The design scheme for the brine injection well is: the well begin injecting at a constant
water flow rate from day one, the bottom-hole pressure increases over time. Once the pressure
reaches a pre-determined maximum, the well will then operate under constant bottom-hole
pressure; thus, the injection rate will then decrease over time, until it reaches a pre-determined
minimum, this time will then be recorded as the total injection time for the project.
2970 different injection cases were assessed and then categorized into three different
injection scenarios:

Figure 5-3. Forward Network Classification Workflow

The workflow in Figure 5-3 shows that the reservoir simulation was carried out following
the project design scheme. The simulation results were then categorized into three different
scenarios, after that they were used to train the forward neural network.
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•

Scenario One (1466 Cases)

Figure 5-4. An Example of Injection Scenario One

In this scenario, the well begins injecting at a constant flowrate as designed, the bottomhole pressure increases over time. However, since the maximum project life is set at approximately
30 years, the well haven’t reached the pre-determined maximum bottom-hole pressure, before the
project time reaches day 11000. The bottom-hole pressure never reaches the threshold, even when
the project life ends at maximum duration. Therefore, this situation means the well acts as if it is
always operating at a constant water injection rate, from the start to the finish. This scenario is
classified as Scenario One, the associated neural network developed for this scenario is called ANN
One, or Network One.

44
•

Scenario Two (404 Cases)

Figure 5-5. An Example of Injection Scenario Two

In this scenario, the well begins injecting at a randomly generate constant flowrate as
designed, however, this flowrate is too high for this specific wellbore and reservoir condition,
making the bottom-hole pressure increases drastically in a very short period of time, which means
the bottom-hole pressure reaches the pre-determined threshold almost instantly with respect to its
project life. Therefore, the well starts operating under the constant bottom-hole pressure, until the
injection rate reaches a minimum or the project ended at 11000 days. This specific scenario acts as
if it is always operating at a constant bottom-hole pressure from the start to the finish. This scenario
is classified as Scenario Two, the associated neural network developed for this scenario is called
ANN Two or Network Two.
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•

Scenario Three (1100 Cases)

Figure 5-6. An Example of Injection Scenario Three

This scenario is the primary scenario that was anticipated in the project design scheme. In
this scenario, the well begins injecting at a constant flowrate, the bottom-hole pressure increases
over time, until the bottom-hole pressure reaches a pre-determined threshold, then the well starts
operating at a constant bottom-hole pressure, and the injection rate will then decrease, until it
reaches a minimum. This time will be recorded as the total injection time, and the well will continue
operating until it reaches the maximum project life. This scenario is classified as Scenario Three,
the associated neural network developed for this scenario is called ANN Three, or Network Three.
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5.2.3 Network One Data Preparation

Figure 5-7. Schematic for Network One Outputs
As shown in Figure 5-7, 11 different bottom-hole pressures were included in the Output,
these pressures were selected among ten even time intervals, starting from the bottom-hole pressure
of Day 31, ending with the bottom-hole pressure of Day 10981.
As shown in Table 5-4, for this network, 9 different reservoir characteristics, 2 different
design parameters and 12 different functional links were included in the Input. The constant water
injection rate was specified by the user, so it was considered as a design parameter for the Input.
The bottom-hole pressure in this scenario was considered as an intrinsic reservoir characteristic, as
it is the maximum allowed bottom-hole pressure for this specific depleted gas reservoir.
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Table 5-4. Input and Output for Network One
Reservoir

Reservoir Depth

Characteristics

Reservoir Thickness
Initial Water Saturation
Irreducible Water Saturation
Permeability
Porosity
Initial Pressure
Gas Specific Gravity
Maximum Allowed Bottom-hole Pressure

Design Parameters

Reservoir Unit Area
Specified Constant Water Injection Rate

INPUT

Functional Links

(Area) *(Reservoir Depth)
(Porosity)/ (Initial Water Saturation)
(Permeability/Porosity) ^0.5
(Max Injection Rate) ^0.5 + (Area) ^0.5
(Max Injection Rate)/ (Area)
(Max Injection Rate) ^0.5 + (Reservoir Thickness) ^0.5
(Max Injection Rate) *(Porosity)
(Max Injection Rate)/ (Bottom-hole Pressure)
(Max Injection Rate) *(Initial Water Saturation)
(Max Injection Rate)/ (Reservoir Thickness)
(Bottom-hole Pressure) ^0.5 + (Initial Pressure) ^0.5
(Bottom-hole Pressure)/ (Initial Pressure)

OUTPUT

Bottom-hole

Pwf1, Pwf2, Pwf3, Pwf4, Pwf5, Pwf6, Pwf7, Pwf8, Pwf9,

Pressures

Pwf10, Pwf11
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5.2.4 Network Two Data Preparation

Figure 5-8. Schematic for Network Two Outputs
As shown in Figure 5-8, the Project End Time (T_end) was determined, when the water
injection rate decreases to a threshold of 20 bbl/day, or if the time reaches the maximum project
time of 11000 days. The injection rate at either the Project End Time or Day 11000 will be recorded
as Final Injection Rate (Qw_end). Then the injection profile was divided into ten equal intervals
from the start to the Final Project Time. The flowrates between these intervals were recorded.
Finally, these 11 flowrates and one Final Project Time were included in the Output.
As shown in Table 5-5, for this network, 9 different reservoir characteristics, 2 different
design parameters and 12 different functional links were included in the Input. The constant
bottom-hole pressure was specified by the user, so it was considered as a design parameter for the
Input. The water injection rate in this scenario was considered as an intrinsic reservoir characteristic,
as it is the maximum allowed water injection rate for this specific depleted gas reservoir.
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Table 5-5. Input and Output for Network Two
Reservoir

Reservoir Depth

Characteristics

Reservoir Thickness
Initial Water Saturation
Irreducible Water Saturation
Permeability
Porosity
Initial Pressure
Gas Specific Gravity
Maximum Allowed Water Injection Rate

Design Parameters

Reservoir Unit Area
Specified Constant Bottom-hole Pressure

INPUT

Functional Links

(Max Injection Rate) *(Porosity)
(Max Injection Rate)/ (Bottom-hole Pressure)
(Max Injection Rate) *(Initial Water Saturation)
(Max Injection Rate)/ (Reservoir Thickness)
(Bottom-hole Pressure) ^0.5 + (Initial Pressure) ^0.5
(Bottom-hole Pressure)/ (Initial Pressure)
(Area) *(Reservoir Depth)
(Porosity)/ (Initial Water Saturation)
(Permeability/Porosity) ^0.5
(Max Injection Rate) ^0.5 + (Area) ^0.5
(Max Injection Rate)/ (Area)
(Max Injection Rate) ^0.5 + (Reservoir Thickness) ^0.5

OUTPUT

Water Flow Rates

Qw1, Qw2, Qw3, Qw4, Qw5, Qw6, Qw7, Qw8, Qw9, Qw10

End Water Rate

Qw_end

Project Time

T_end
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5.2.5 Network Three Data Preparation

Figure 5-9. Schematic for Network Three Outputs
As shown in Figure 5-9, first the Operation Switch Time (OST) was determined to be the
time point where the project switched operation mode, from constant injection rate, to constant
bottom hole pressure. An Project End Time (PET) was also determined at when the flowrate
decreases to the threshold of 20 bbl/day, along with the injection rate at the Project End Time
(Qw_end). Then 5 bottom-hole pressures were selected between five even time intervals from the
start to the Operation Switch Time, 5 flowrates were also selected between six even time intervals
from the start to the Project End Time. Finally, 5 pressures, 6 flowrates and 2 time points were
included in the Output.
As shown in Table 5-6, for this network, 8 different reservoir characteristics, 3 different
design parameters and 12 different functional links were included in the Input. The constant
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bottom-hole pressure and constant water injection rates are all specified by the user, so they were
considered as design parameters for the input.

Table 5-6. Input and Output for Network Three
Reservoir Characteristics

Reservoir Depth
Reservoir Thickness
Initial Water Saturation
Irreducible Water Saturation
Permeability
Porosity
Initial Pressure
Gas Specific Gravity

Design Parameters

Reservoir Unit Area
Specified Constant Bottom-hole Pressure
Specified Constant Water Injection Rate

INPUT

Functional Links

(Max Injection Rate) *(Porosity)
(Max Injection Rate)/ (Bottom-hole Pressure)
(Max Injection Rate) *(Initial Water Saturation)
(Max Injection Rate)/ (Reservoir Thickness)
(Bottom-hole Pressure) ^0.5 + (Initial Pressure) ^0.5
(Bottom-hole Pressure)/ (Initial Pressure)
(Area) *(Reservoir Depth)
(Porosity)/ (Initial Water Saturation)
(Permeability/Porosity) ^0.5
(Max Injection Rate) ^0.5 + (Area) ^0.5
(Max Injection Rate)/ (Area)
(Max Injection Rate) ^0.5 + (Reservoir Thickness) ^0.5
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OUTPUT

Bottom-hole Pressures

Pwf1, Pwf2, Pwf3, Pwf4, Pwf5

Water Injection Rates

Qw1, Qw2, Qw3, Qw4, Qw5

End Water Rate

Qw_end

Project Time

T_turn, T_end

5.2.6 Network Zero Data Preparation
Another neural network was also developed for classification purposes. The objective is
this network is to determine which of the three scenarios, a certain reservoir condition will fall
under, once the reservoir characteristics and design parameters were provided by the user. This
network is called ANN Zero, or Network Zero.
All the 2970 cases were used to train this network. The Input for this network is the same
as the previous three networks, the outputs for this network are one of the three different index
numbers, one, two, and three. Therefore, once the network is trained, for a given set of reservoir
characteristics and design parameters, Network Zero will predict which one of the three scenarios
will happen in a water injection operation for this specific reservoir condition. In actual use, the
ANN Zero will collect the data from the Input, and predict which of the three networks should then
be used, after that the same Input will be fed to that specific network, and then the Output will be
acquired.

INPUT

ANN0

ANN1 or
ANN2 or
ANN3

OUTPUT

Figure 5-10. Sequence of the Forward Network Application
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5.2.7 Forward Network Training
Once the Input and Output from the knowledge base were all achieved, the structure for
the neural network need to be determined. The transfer function; learning function and performance
function, as well as the number of hidden layers and the number of neurons in each layer should all
be determined before the network training starts.
During the network training phase, a parallel training script was implemented to train the
neural network thousands of times by adjusting different network configurations, the script
randomly selects the parameters for the network structures, within a given range. Thousands of
neural network configurations were tested, each configuration was also repeated five times to make
sure it is reproducible, the training process continues until a minimum difference between the ANN
prediction and the simulation data is reached, this selected network structure and all its associated
parameters were then stored for later usage. A typical structure for training the forward network is
shown in Figure 5-11.

Figure 5-11. An Example for Network One Structure in Training
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5.3 Inverse Neural Network
In the inverse network, the goal is not to predict the injection profiles for a particular
reservoir, instead, the injection profiles were already known, and were treated as Input this time.
Typically, for a depleted gas reservoir, as it has already been explored and gone through production
for years, most of its reservoir characteristics have already been known, therefore, they are still
considered as Input. The goal of the inverse network in this study is to figure out the design
parameters for a specific give reservoir condition, what unit area should we choose for brine
disposal well design, what constant injection rate should be used, or what constant bottom-hole
pressure should be used. Two inverse networks were developed, one for Scenario One and the other
for Scenario Two.

Figure 5-12. Inverse Network Diagram

As shown in Table 5-7, the first inverse network developed was called Inverse Network
One or Inverse One. In this network, the injection profile was already known, thus 11 different
bottom-hole pressures over time were included in the Input. 9 reservoir characteristics: reservoir
depth, reservoir thickness, initial water saturation, irreducible water saturation, maximum allowed
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bottom-hole pressure, permeability, porosity, initial pressure and gas specific gravity, were also
included in the Input. Design Parameters of reservoir unit area and constant water injection rate
were included in the Output.

Table 5-7. Input and Output for Inverse One
Reservoir Characteristics

Reservoir Depth
Reservoir Thickness
Initial Water Saturation
Irreducible Water Saturation
Maximum Allowed Bottom-hole Pressure
Permeability

INPUT
Porosity
Initial Pressure
Gas Specific Gravity

Bottom-hole Pressures

Pwf1, Pwf2, Pwf3, Pwf4, Pwf5, Pwf6, Pwf7, Pwf8,
Pwf9, Pwf10, Pwf11

OUTPUT

Design Parameters

Reservoir Unit Area
Constant Water Injection Rate

As shown in Table 5-8, the second inverse network developed was called Inverse Network
Two. In this network, the injection profile was already known, thus 11 different water flowrates
over time were included in the Input. 9 reservoir characteristics: permeability, reservoir depth,
reservoir thickness, initial water saturation, irreducible water saturation, maximum allowed
bottom-hole pressure, permeability, porosity, initial pressure and gas specific gravity, were
included in the Input. Also, the Project End Time (T_end) and End Flowrate (Qw_end) were
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included in the Input. Design parameters of reservoir unit area and constant bottom-hole pressure
were included in the Output.
Table 5-8. Input and Output for Inverse Two
Known Reservoir

Reservoir Depth

Characteristics

Reservoir Thickness
Initial Water Saturation
Irreducible Water Saturation
Maximum Allowed Water Injection Rate
Permeability

INPUT
Porosity
Initial Pressure
Gas Specific Gravity

Water Flowrates

Qw1, Qw2, Qw3, Qw4, Qw5, Qw6, Qw7, Qw8, Qw9,
Qw10

OUTPUT

End Water Rate

Qw_end

Project Time

T_end

Design Parameters

Reservoir Unit Area
Constant Bottom-hole Pressure

All of the training results, error analysis and comparisons will be shown in Chapter 6:
Results and Discussion.
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Chapter 6
Results and Discussion

6.1 Results for Forward Neural Networks

6.1.1 Network One Results
After the training process was finished using a parallel training script, thousands of neural
network configurations have been tested and the best network structure are shown in Table 6-1.
23 sets of inputs, 31 neurons for hidden layer 1, and 11 sets of output were used for training
Network One.
Table 6-1. Network One Structure
Neural Network Layer

Neuron Number

Transfer Function

Input (Including Functional Links)

23

Hidden Layer 1

31

Log-sigmoid

Output

11

Pure Linear

The performance of Network One is shown in Figure 6-1. Best performance occurred at
epoch 934, where the validation error is the minimum. The “Goal” line shows the expected value
of difference in the training process. 95% of the 1466 cases were used for training purposes, which
trains the neural network; 2.5% of the 1466 cases were used for testing purposes, which feed the
trained neural network with this portion of data blindly in order to test the effectiveness of the
network; another 2.5% of the 1466 cases were used for validation purposes, which prevents the
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network from memorization or over-fitting, which the network memorized the training sample, but
has not learned to generalize to new situations. The overall error for Network One is 2.01%.

Figure 6-1. Training Performance for Network One

Figure 6-2 is the regression plot for Network One, it shows the relationship between the
targeted values and the outputs of the network. For perfect scenario, the outputs and the targets
would be the same, but in reality, the relationship is rarely perfect. Target values are the perfect
result minus the outputs of the network. The R value is an indicator of the relationship between the
targets and the outputs. If R = 1, the correlation is perfect, if R = 0, the correlation does not exist.
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Figure 6-2 shows very good fit for Network One training data. R value of training sets is
0.9983, R value of validation sets is 0.9972, R value for testing sets is 0.9976, overall R value is
0.9983.

Figure 6-2. Regression Plot for Network One
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Figure 6-3. Error Distribution PDF for Network One

The error in the analysis is the absolute difference between the ANN prediction and the
original outputs, divided by the original outputs. Figure 6-3 shows the probability density function
(PDF) for Network One training results. Because each network structure was repeated five times,
37*5 = 185 testing data sets were used for performance evaluation.
Figure 6-3 shows that 97.84% of the data sets have error less than 2.97%; 1.62% of the
data sets have error between 2.97% and 8.2%; 0.54% of the data sets have error between 8.2% and
13.45%.
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Figure 6-4. Error Histogram for ANN One

The errors for each testing case was shown in Figure 6-4. It shows that the best prediction
occurred for Case 5, the median prediction occurred for Case 104, and the worst prediction occurred
for Case 83.
These three cases will be simulated by CMG simulation software, then compare with the
ANN results to show the effectiveness of Network One.
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Table 6-2. Input Parameters for the Simulation Test for Network One
Inputs

Case 5

Case 104

Case 83

Area (acres)

312.92

318.84

287.63

Reservoir Thickness (feet)

204.92

94.62

45.60

Porosity (fraction)

0.1518

0.1792

0.1076

Initial Water Saturation (fraction)

0.5867

0.5296

0.3776

Permeability (mD)

12.6120

67.0904

75.02

Water Injection Rate (bbl/day)

2959.6

1112.00

2309.8

Reservoir Depth (feet)

3001.8

1847.3

1971.9

Reservoir Initial Pressure (psi)

213.44

287.46

462.50

Bottom-hole Pressure (psi)

3124.4

3132.7

6562.2

Gas Specific Gravity (fraction)

0.8399

0.7287

0.6342

Irreducible Water Saturation (fraction)

0.1525

0.1312

0.1708

Figure 6-5 shows the best case for Network One training result. The error is the absolute
difference between the ANN results and the CMG results divided by CMG result. Case 5 has an
overall error of 0.35%.
Figure 6-6 shows the median case for Network One training result. Case 104 has an overall
error of 1.66%.
Figure 6-7 shows the worst case for Network One training result. Case 83 has an overall
error of 16.07%.
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Figure 6-5. Comparison of ANN Result and CMG Result for Case 5

Figure 6-6. Comparison of ANN Result and CMG Result for Case 104

64

Figure 6-7. Comparison of ANN Result and CMG Result for Case 83

For the best case, the ANN prediction is very close to the simulation results. For the median
case, the ANN prediction is relatively close to the simulation results, but shows divergence near
the end of the project. For the worst case, the ANN prediction captures the injection profile
tendency, but shows greater divergence near the end of the project, the ANN profile was always
below the CMG profile.
Overall, since 97.84% of the testing sets have error less than 2.97%, and the worst case
have shown reasonable result comparing to field simulation tests. 181 of the 185 testing sets are
under the error of 2.97%, 3 of the testing sets are between the error of 2.97% and 8.2%, only 1 of
the testing sets are between the error of 8.2% and 13.45%, therefore, Network One was considered
to be very effective.

65
6.1.2 Network Two Results
After the training process was finished using a parallel training script, thousands of neural
network configurations have been tested and the best network structure are shown in Table 6-3. 23
sets of inputs, 10 neurons for hidden layer 1, 30 neurons for hidden layer 2, 44 neurons for hidden
layer 3 and 12 sets of output were used for training Network Two.
Table 6-3. Network Two Structure
Neural Network Layer

Neuron Number

Transfer Function

Input (Including Functional Links)

23

Hidden Layer 1

10

Log-sigmoid

Hidden Layer 2

30

Log-sigmoid

Hidden Layer 3

44

Log-sigmoid

Output Layer

12

Pure Linear

The performance of Network Two is shown in Figure 6-8. Best performance occurred at
epoch 1889, where the validation error is the minimum. The “Goal” line shows the expected value
of difference in the training process. 90% of the 404 cases were used for training purposes, which
trains the neural network; 5% of the 404 cases were used for testing purposes, which feed the trained
neural network with this portion of data blindly in order to test the effectiveness of the network;
another 5% of the 404 cases were used for validation purposes. The overall error for Network Two
is 7.74%.
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Figure 6-8. Training Performance for Network Two

Figure 6-9. Regression Plot for Network Two
Figure 6-9 shows very good fit for Network Two training data. R value of training sets is
0.9986, R value of validation sets is 0.9876, R value of testing sets is 0.9933, overall R value is
0.9977.
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Figure 6-10. Error Distribution PDF for Network Two

The error in the analysis is the absolute difference between the ANN prediction and the
original outputs, divided by the original outputs. Figure 6-10 shows the probability density function
(PDF) for Network One training results. Because each network structure was repeated five times,
20*5 = 100 testing data sets were used for performance evaluation.
Figure 6-10 shows that 75% of the data sets have errors less than 5.91%; 21% of the data
sets have error between 5.91% and 16.31%; 4% of the data sets have error between 16.31% and
26.71%.
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Figure 6-11. Error Histogram for ANN Two

The errors for each testing case was shown in Figure 6-11. It shows that the best prediction
occurred for Case 99, the median prediction occurred for Case 81, and the worst prediction occurred
for Case 11.
These three cases will be simulated by CMG simulation software, then compare with the
ANN results to show the effectiveness of Network Two.
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Table 6-4. Input Parameters for the Simulation Test of Network Two
Inputs

Case 99

Case 81

Case 11

Area (acres)

242.14

245.35

326.65

Reservoir Thickness (feet)

219.78

177.17

71.81

Porosity (fraction)

0.2915

0.1436

0.1894

Initial Water Saturation (fraction)

0.5518

0.5877

0.3160

Permeability (mD)

17.8094

4.5731

1.5772

Water Injection Rate (bbl/day)

9462.7

8892.4

4925.4

Reservoir Depth (feet)

2753.5

1336.1

2148.6

Reservoir Initial Pressure (psi)

351.41

165.83

159.00

Bottom-hole Pressure (psi)

1228.5

6768.1

1090.8

Gas Specific Gravity (fraction)

0.8181

0.6128

0.6140

Irreducible Water Saturation (fraction)

0.1984

0.1085

0.1074

Figure 6-12 shows the best case for Network Two training result. The error is the absolute
difference between the ANN results and the CMG results divided by CMG result. Case 99 has an
overall error of 0.71%.
Figure 6-12 shows the median case for Network Two training result. Case 81 has an overall
error of 5.34%.
Figure 6-14 shows the worst case for Network Two training result. Case 11 has an overall
error of 31.91%.
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Figure 6-12. Comparison of ANN Result and CMG Result for Case 99

Figure 6-13. Comparison of ANN Result and CMG Result for Case 81
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Figure 6-14. Comparison of ANN Result and CMG Result for Case 11

For the best case, the ANN prediction is very close to the simulation results. For the median
case, the ANN prediction is relatively close to the simulation results, the ANN profile is slightly
smaller than the CMG profile. For the worst case, the ANN prediction captures the injection profile
tendency, but the ANN profile is about 30% higher than the CMG profile.
Overall, since 75% of the testing sets have error less than 5.91%, and the worst case have
shown reasonable result comparing to field simulation tests. 75 of the 100 testing sets are under the
error of 5.91%, 21 of the testing sets are between the error of 5.91% and 16.31%, only 4 of the
testing sets are between the error of 16.31% and 26.7%, therefore, Network Two was considered
to be relatively effective.
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6.1.3 Network Three Results
After the training process was finished using a parallel training script, thousands of neural
network configurations have been tested and the best network structure are shown in Table 6-5. 23
sets of inputs, 17 neurons for hidden layer 1, 16 neurons for hidden layer 2, 14 neurons for hidden
layer 3, 23 neurons for hidden layer 5, 34 neurons for hidden layer 5 and 13 sets of output were
used for training Network Three.
Table 6-5. Network Three Structure
Neural Network Layer

Neuron Number

Transfer Function

Input (Including Functional Links)

23

Hidden Layer 1

17

Tangent-sigmoid

Hidden Layer 2

16

Log-sigmoid

Hidden Layer 3

24

Tangent-sigmoid

Hidden Layer 4

23

Tangent-sigmoid

Hidden Layer 5

34

Tangent-sigmoid

Hidden Layer 6

27

Log-sigmoid

Output Layer

13

Pure Linear

The performance of Network Two is shown in Figure 6-15. Best performance occurred at
epoch 3632, where the validation error is the minimum. The “Goal” line shows the expected value
of difference in the training process. 97% of the 1100 cases were used for training purposes, which
trains the neural network; 1.5% of the 1100 cases were used for testing purposes, which feed the
trained neural network with this portion of data blindly in order to test the effectiveness of the
network; another 1.5% of the 1100 cases were used for validation purposes. The overall error for
Network Three is 6.76%.
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Figure 6-15. Training Performance for Network Three

Figure 6-16. Regression Plot for Network Three
Figure 6-16 shows very good fit for Network Three training data. R value of training sets
is 0.9979, R value of validation sets is 0.9918, R value of testing sets is 0.9843, overall R value is
0.9969.
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Figure 6-17. Error Distribution PDF for Network Three

The error in the analysis is the absolute difference between the ANN prediction and the
original outputs, divided by the original outputs. Figure 6-17 shows the probability density function
(PDF) for Network One training results. Because each network structure was repeated three times,
130*3 = 390 testing data sets were used for performance evaluation.
Figure 6-17 shows that 94.62% of the data sets have errors less than 10.14%; 4.36% of the
data sets have error between 10.14% and 28.22%; 0% of the data sets have error between 28.22%
and 46.30%, 0.76% of the data sets have error between 46.30% and 64.38%, 0.26% of the data sets
have error between 64.38% and 82.46%.
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Figure 6-18. Error Histogram for ANN Three

The errors for each testing case was shown in Figure 6-18. It shows that the best prediction
occurred for Case 269, the median prediction occurred for Case 188, and the worst prediction
occurred for Case 341.
These three cases will be simulated by CMG simulation software, then compare with the
ANN results to show the effectiveness of Network Three. The Network Three was trained as a
whole, both predicting bottom-pressure profiles and injection rate profiles, however, for clearer
demonstration, the comparison will be presented separately for pressure and the flowrate.
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Table 6-6. Input Parameters for the Simulation Test of Network Three
Inputs

Case 269

Case 188

Case 341

Area (acres)

181.14

135.68

309.15

Reservoir Thickness (feet)

131.01

106.44

252.62

Porosity (fraction)

0.1354

0.1783

0.2417

Initial Water Saturation (fraction)

0.6968

0.3638

0.3227

Permeability (mD)

92.92

94.62

11.52

Water Injection Rate (bbl/day)

5848.6

8759.3

2780.5

Reservoir Depth (feet)

2663.4

3457.0

2077.3

Reservoir Initial Pressure (psi)

264.20

482.96

384.55

Bottom-hole Pressure (psi)

4892.5

2238.9

1557.7

Gas Specific Gravity (fraction)

0.5388

0.7100

0.5722

Irreducible Water Saturation (fraction)

0.1696

0.1901

0.1387

Figure 6-19 shows the best case for the bottom-hole pressure profile of Network Three
training result. The error is the absolute difference between the ANN results and the CMG results
divided by CMG result. Case 269 has an average error of 1.75% for the pressure data.
Figure 6-20 shows the median case for the bottom-hole pressure profile of Network Three
training result. Case 188 has an average error of 2.34% for the pressure data.
Figure 6-21 shows the worst case for the bottom-hole pressure profile of Network Three
training result. Case 341 has an overall error of 10.97%.

77

Figure 6-19. Pressure Comparison of ANN Result and CMG Result for Case 269

Figure 6-20. Pressure Comparison of ANN Result and CMG Result for Case 188
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Figure 6-21. Pressure Comparison of ANN Result and CMG Result for Case 341

For the best case, the ANN prediction is very close to the simulation results. For the median
case, the ANN prediction is also very close to the simulation results. For the worst case, however,
the ANN profile seems off the chart, it is due to the wrong prediction of Operation Switch Time
(OST) for this worst case, because the time intervals were selected equally from the start to the
OST, therefore, if the OST was predicted poorly, all of the pressure points for ANN would be put
on wrong time intervals, therefore the pressure lines would deviate from each other significantly.
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Figure 6-22 shows the best case for the water injection rate profile of Network Three
training result. The error is the absolute difference between the ANN results and the CMG results
divided by CMG result. Case 269 has an average error of 0.67% for the injection data.
Figure 6-23 shows the median case for the injection rate profile of Network Three training
result. Case 188 has an average error of 4.34% for the pressure data.
Figure 6-24 shows the worst case for the injection rate profile of Network Three training
result. Case 341 has an overall error of 5.47%.

Figure 6-22. Flowrate Comparison of ANN Result and CMG Result for Case 269
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Figure 6-23. Flowrate Comparison of ANN Result and CMG Result for Case 188

Figure 6-24. Flowrate Comparison of ANN Result and CMG Result for Case 341
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For the best case, the ANN prediction is relatively close to the simulation results, however,
the flowrate lines deviate from each other, this is mainly due to the relatively poor prediction of the
Operation Switch Time and the Project End Time (PET), the data values for the simulation result
and ANN result are actually very close to each other, relatively speaking, the result is acceptable
because the time difference for both profiles only averages about 50 days. In theory, if both the
OST and PET shift left for 50 days, this situation might be a perfect match. For the median case,
the ANN prediction is also relatively close to the simulation results, it has an average time
difference of about 200 days for both profiles. For the worst case, however, the ANN fails to predict
the water injection rate profile, because the water injection rate would only decrease over time once
the OST was passed, before the OST the water injection rate was constant.

The most important parameters in the Output for Network Three are OST and PET,
therefore, their accuracy need to be analyzed.

Figure 6-25. Error Distribution PDF for OST of Network Three
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Figure 6-25 shows that 99.23% of the data sets have errors less than 13.64%; 0.51% of the
data sets have error between 13.64% and 40.92%, 0.26% of the data sets have error between 40.92%
and 68.20%. Which mean, 387 of the 390 resting sets have small errors for OST, 2 of the 390
testing sets have medium errors for OST, 1 of the 390 testing sets have large errors for OST.
Therefore, the OST prediction is relatively successful.

Figure 6-26. Error Histogram for OST of ANN Three
Figure 6-27 shows that 96.15% of the data sets have errors less than 0.62%; 3.33% of the
data sets have error between 0.62% and 1.87%, 0.51% of the data sets have error between 1.87%
and 3.12%. Which means, 375 of the 390 resting sets have very small errors for PET, 13 of the 390
testing sets have small errors for PET, 2 of the 390 testing sets have relatively large errors for PET.
Therefore, the PET prediction is relatively successful.
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Figure 6-27. Error Distribution PDF for PET of ANN Three

Figure 6-28. Error Histogram for PET of ANN Three
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6.1.4 Network Zero Results
In order to have a reliable classification network, all the 2970 cases were trained for
Network Zero. After the training process was finished using a parallel training script, thousands of
neural network configurations have been tested and the best network structure are shown in Table
6-7. 23 sets of inputs, 10 neurons for hidden layer 1, 30 neurons for hidden layer 2, 44 neurons for
hidden layer 3 and 12 sets of output were used for training Network Two.
Table 6-7. Network Zero Structure
Neural Network Layer

Neuron Number

Transfer Function

Input (Including Functional Links)

23

Hidden Layer 1

56

Tangent-sigmoid

Hidden Layer 2

87

Tangent-sigmoid

Hidden Layer 3

80

Log-sigmoid

Hidden Layer 4

60

Tangent-sigmoid

Hidden Layer 5

36

Tangent-sigmoid

Output Layer

1

Pure Linear

The performance of Network Zero is shown in Figure 6-29. Best performance occurred at
epoch 1465, where the validation error is the minimum. The “Goal” line shows the expected value
of difference in the training process. 98% of the 2970 cases were used for training purposes, which
trains the neural network; 1% of the 2970 cases were used for testing purposes, which feed the
trained neural network with this portion of data blindly in order to test the effectiveness of the
network; another 1% of the 2970 cases were used for validation purposes. The overall error for
Network Zero is 0.74%.
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Figure 6-29. Training Performance for Network Two

Figure 6-30. Regression Plot for Network Zero
Figure 6-30 shows relatively good fit for Network Zero training data. R value of training
sets is 0.9996, R value of validation sets is 0.8964, R value of testing sets is 0.8653, overall R
value is 0.9878.
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Figure 6-31. Error Distribution PDF for Network Zero

The error in the analysis is the absolute difference between the ANN prediction and the
original outputs, divided by the original outputs. Figure 6-31 shows the probability density function
(PDF) for Network One training results. Because each network structure was repeated five times,
30*5 = 150 testing data sets were used for performance evaluation.
Figure 6-31 shows that 98% of the data sets have errors less than 3.92%; 1.33% of the data
sets have error between 3.92% and 11.76%; 0.67% of the data sets have error between 11.76% and
19.59%.
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Figure 6-32. Error Histogram for ANN Zero After Rounding

However, the purpose of the Network Zero is for classification and categorization, and the
output of this network is just one index number, one, two or three, therefore, it is viable to round
the predicted output value to a closet integer and evaluate again. As is shown in Figure 6-32, this
time, all of the 150 testing sets shows no error, it is a perfect prediction.
Overall, since 147 of the 150 testing sets have error less than 3.92%; 2 of the 150 testing
sets have error between 3.92% and 11.76%; 1 of the testing sets have error between 11.76% and
19.59%. And after rounding the predicted output, all of the 150 testing sets shows no error,
therefore, Network Zero was considered to be very effective.
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6.2 Results for Inverse Neural Networks

6.2.1 Inverse One Results
After the training process was finished using a parallel training script, thousands of neural
network configurations have been tested and the best network structure are shown in Table 6-8. 20
sets of inputs, 14 neurons for hidden layer 1, 20 neurons for hidden layer 2, 82 neurons for hidden
layer 3, 56 neurons for hidden layer 4 and 2 sets of output were used for training Inverse One.
Table 6-8. Inverse One Structure
Neural Network Layer

Neuron Number

Transfer Function

Input

20

Hidden Layer 1

14

Log-sigmoid

Hidden Layer 2

20

Log-sigmoid

Hidden Layer 3

82

Log-sigmoid

Hidden Layer 4

56

Tangent-sigmoid

Output Layer

2

Pure Linear

95% of the 1466 cases were used for training purposes, which trains the neural network;
2.5% of the 1466 cases were used for testing purposes, which feed the trained neural network with
this portion of data blindly in order to test the effectiveness of the network; another 2.5% of the
1466 cases were used for validation purposes. The overall error for Inverse One is 2.1%.
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Figure 6-33. Error Distribution PDF of Constant Water Rate for Inverse One

The error in the analysis is the absolute difference between the ANN prediction and the
original outputs, divided by the original outputs. Figure 6-29 shows the probability density function
(PDF) for Inverse One training results. Because each network structure was repeated five times,
37*5 = 185 testing data sets were used for performance evaluation.
Figure 6-33 shows that for constant water rate, 95.68% of the data sets have errors less than
1.07%; 2.70% of the data sets have error between 1.07% and 3.20%; 1.62% of the data sets have
error between 3.20% and 5.33%.
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Figure 6-34. Error Histogram of Constant Water Rate for Inverse One

The errors for each testing case was shown in Figure 6-34. It shows that the best prediction
occurred for Case 159, with an error of 6.94*10-5, the median prediction occurred for Case 27, with
an error of 0.57%, and the worst prediction occurred for Case 57, with an error of 6.4%.
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Figure 6-35. Comparison of Constant Water Rate for Inverse One

Figure 6-35 have shown close match of the constant water injection rate extracted from
simulation input and the results predicted by Inverse One.
Overall, 177 of the 185 resting sets have extreme small errors for constant water rate, 5 of
the 185 testing sets also have very small errors for constant water rate, 3 of the 185 testing sets have
relatively large errors for constant water rate. Therefore, the prediction of constant water rate for
Inverse One is very successful.
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Figure 6-36. Error Distribution PDF of Reservoir Unit Area for Inverse One

The error in the analysis is the absolute difference between the ANN prediction and the
original outputs, divided by the original outputs. Figure 6-29 shows the probability density function
(PDF) for Inverse One training results. Because each network structure was repeated five times,
37*5 = 185 testing data sets were used for performance evaluation.
Figure 6-36 shows that for reservoir unit area, 84.86% of the data sets have errors less than
1.23%; 12.97% of the data sets have error between 1.23% and 3.59%; 2.16% of the data sets have
error between 3.59% and 5.95%.
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Figure 6-37. Error Histogram of Reservoir Unit Area for Inverse One

The errors for each testing case was shown in Figure 6-37. It shows that the best prediction
occurred for Case 151, with an error of 5.43*10-4, the median prediction occurred for Case 21, with
an error of 0.99%, and the worst prediction occurred for Case 97, with an error of 7.13%.
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Figure 6-38. Comparison of Reservoir Unit Area for Inverse One

Figure 6-38 have shown close match of reservoir unit area extracted from simulation input
and the results predicted by Inverse One.
Overall, 157 of the 185 resting sets have extreme small errors for reservoir unit area, 24 of
the 185 testing sets have relatively small errors for unit area, 4 of the 185 testing sets have relatively
large errors for unit area. Therefore, the prediction of reservoir unit area for Inverse One is
successful.
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6.2.2 Inverse Two Results
After the training process was finished using a parallel training script, thousands of neural
network configurations have been tested and the best network structure are shown in Table 6-9. 21
sets of inputs, 11 neurons for hidden layer 1, 69 neurons for hidden layer 2, and 2 sets of output
were used for training Inverse Two.
Table 6-9. Inverse Two Structure
Neural Network Layer

Neuron Number

Transfer Function

Input

21

Hidden Layer 1

11

Log-sigmoid

Hidden Layer 2

69

Tangent-sigmoid

Output Layer

2

Pure Linear

90% of the 404 cases were used for training purposes, which trains the neural network; 5%
of the 404 cases were used for testing purposes, which feed the trained neural network with this
portion of data blindly in order to test the effectiveness of the network; another 5% of the 404 cases
were used for validation purposes. The overall error for Inverse One is 11.98%.
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Figure 6-39. Error Distribution PDF of Constant Bottom-hole Pressure for Inverse Two

The error in the analysis is the absolute difference between the ANN prediction and the
original outputs, divided by the original outputs. Figure 6-39 shows the probability density function
(PDF) for Inverse Two training results. Because each network structure was repeated five times,
20*5 = 100 testing data sets were used for performance evaluation.
Figure 6-39 shows that for constant bottom-hole pressure, 88% of the data sets have errors
less than 4.32%; 10% of the data sets have error between 4.32% and 12.83%; 2% of the data sets
have error between 12.83% and 21.34%.
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Figure 6-40. Error Histogram of Constant Bottom-hole Pressure for Inverse Two

The errors for each testing case was shown in Figure 6-40. It shows that the best prediction
occurred for Case 7, with an error of 6.46*10-4, the median prediction occurred for Case 91, with
an error of 2.77%, and the worst prediction occurred for Case 78, with an error of 25.59%.
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Figure 6-41. Comparison of Constant Bottom-hole Pressure Results for Inverse Two

Figure 6-41 have shown relatively close match of bottom-hole pressure extracted from
simulation input and predicted by Inverse Two.
Overall, 88 of the 100 resting sets have extreme small errors for constant bottom-hole
pressure, 10 of the 100 testing sets have relatively small errors for constant bottom-hole pressure,
2 of the 100 testing sets have large errors for constant bottom-hole pressure. Therefore, the
prediction of constant bottom-hole pressure for Inverse Two is successful.
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Figure 6-42. Error Distribution PDF of Reservoir Unit Area for Inverse Two

The error in the analysis is the absolute difference between the ANN prediction and the
original outputs, divided by the original outputs. Figure 6-35 shows the probability density function
(PDF) for Inverse Two training results. Because each network structure was repeated five times,
20*5 = 100 testing data sets were used for performance evaluation.
Figure 6-42 shows that for reservoir unit area, 85% of the data sets have errors less than
6.70%; 9% of the data sets have error between 6.70% and 20.08%; 6% of the data sets have error
between 20.08% and 33.46%.
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Figure 6-43. Error Histogram of Reservoir Unit Area for Inverse Two

The errors for each testing case was shown in Figure 6-43. It shows that the best prediction
occurred for Case 80, with an error of 7.31*10-5, the median prediction occurred for Case 59, with
an error of 5.66%, and the worst prediction occurred for Case 62, with an error of 40%.
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Figure 6-44. Comparison of Reservoir Unit Area Results for Inverse Two

Figure 6-44 have shown relatively close match of reservoir unit area extracted from
simulation input and predicted by Inverse Two.
Overall, 85 of the 100 resting sets have extreme small errors for reservoir unit area, 9 of
the 100 testing sets have relatively large errors for unit area, 6 of the 100 testing sets have large
errors for unit area. Therefore, the prediction of reservoir unit area for Inverse Two is successful.
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6.3 Monte Carlo Uncertainty Analysis
Monte Carlo simulation was performed for a certain set of input within a selected range, to
test the probability of the Project End Time and Total Injection Volume. Monte Carlo methods rely
on repeated random sampling to obtain a certain result, 100,000 different runs for the selected range
of inputs are simulated using the Forward Neural Networks, results are shown in Figure 6-45 and
Figure 6-50. The input range is shown in Table 6-10, the ranges are selected for a specific
theoretical case. This is a case assumed to be injecting in a reservoir area of 100 to 200 acres, a
reservoir thickness of 150 to 200 feet, a porosity of 0.1 to 0.15, a permeability of 1 to 10 mD, a
reservoir depth of 3500 to 3800 feet, an initial reservoir pressure of 300 to 400 psi, a maximum
bottom-hole pressure of 2500 to 3000 psi, a constant water injection rate of 5000 to 5200 bbl/day,
a gas specific gravity of 0.5 to 0.9, and an irreducible water saturation of 0.1 to 0.15. The red dots
in Figure 6-45 shows a specific run and its inputs, 100,000 of runs were performed in order to cover
the uncertainty ranges.

Figure 6-45. Input Ranges of Monte Carlo Simulation Case
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6.3.1 Probabilistic Analysis for Project End Time

Figure 6-46. PDF and CDF for Project End Time Analysis
Probability Density Function (PDF) and Cumulative Distribution Function (CDF) of Project
End Time (PET) distribution are shown in Figure 6-46, it shows 90% certainty that the PET of the
100,000 scenarios are up to roughly 10800 days, 50% certainty that the PET of the scenarios are
up to roughly 10250 days, 10% certainty that the PET of the scenarios are up to roughly 5500 days.
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6.3.2 Probabilistic Analysis for Total Injection Volume

Figure 6-47. PDF and CDF for Total Injection Volume Analysis
Probability Density Function (PDF) and Cumulative Distribution Function (CDF) of Total
Injection Volume (TIV) distribution are shown in Figure 6-47, it shows 90% certainty that the TIV
of the 100,000 scenarios are up to roughly 19.8*106 STB, 50% certainty that the TIV of the
scenarios are up to roughly 14.5*106 STB, 10% certainty that the TIV of the scenarios are up to
roughly 9*106 STB.
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Chapter 7
Summary and Conclusion

7.1 Graphical User Interface
After all the neural networks in this study were developed, trained, and proved to be
successful, a Graphical User Interface (GUI) was designed to make use of the neural networks
efficiently. All the neural networks were imbedded into one GUI.

Figure 7-1. GUI Example for Network One Prediction

By design, the user should type in the input data set in the left column, then click
“Classification’, the GUI will indicate which of the three networks should be used for the
prediction, in Figure 7-1, click “Use Network 1”, after a few seconds, the injection profile including
the bottom-hole pressure curve and the water injection rate curve will appear in the right half of the
interface. In “Results” Column, it shows the total project time and the total water injection volume
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of this specific case. The user can choose to type in a specific date, then the bottom-hole pressure
and the water injection rate will be calculated and indicated on the graphs shown at the right. The
user can choose to save the output result by clicking “Save Results”, or reset the GUI to predict
another specific case by click “Reset”. All of the run time for this GUI is less than 5 seconds.

Figure 7-2. GUI Example for Network Two Prediction

Figure 7-3. GUI Example for Network Three Prediction
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Figure 7-4. GUI Example of Inverse Neural Network

7.2 Conclusion
In this study, Artificial Neural Network (ANN) proxy models were designed to predict the
injection profiles of brine disposal wells in a depleted gas reservoir. Randomly generated reservoir
parameters were acquired from a CMG IMEX Black-Oil Simulator to be used as training data for
the ANN models. Multiple neural networks were developed, trained and validated though the ANN
development phase. The performance of each neural network was compared with the field
simulation results produced by CMG, the Artificial Neural Network proxy models in this study
were proven to be reliable with a relatively small margin of error. Finally, a Graphical User
Interface was design to consolidate the developed neural networks, providing efficient user access
to the network.
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The quantitative and qualitative conclusions drawn from this study are shown as follows:
•

The Forward Network One is very effective, with an overall mean error of 2.01%,
and an overall regression value of 0.99825. A majority of 98% of its testing sets
have errors under 2.97%.

•

The Forward Network Two is relatively effective, with an overall mean error of
7.74%, and an overall regression value of 0.99786. A majority of 75% of its testing
sets have errors under 5.91%.

•

The Forward Network Three is relatively effective, with an overall mean error of
6.76%, and an overall regression value of 0.9969. A majority of 95% of its testing
sets have errors under 10.14%.
The prediction for Operation Switch Time using Network Three is relatively
successful, a majority of 99% of its testing sets have errors under 13.64%.
The prediction for Project End Time using Network Three is very successful, a
majority of 96% of its testing sets have errors under 0.62%

•

The Inverse Network One is very effective, with an overall mean error of 2.1%.
The prediction for constant water injection rate using Inverse One is very
successful, a majority of 96% of its testing sets have errors under 1.07%.
The prediction for reservoir unit area using Inverse One is relatively successful, a
majority of 85% of its testing sets have errors under 1.23%.

•

The Inverse Network Two is relatively effective, with an overall mean error of
11.98%.
The prediction for constant bottom-hole pressure using Inverse Two is relatively
successful, a majority of 88% of its testing sets have errors under 4.32%.
The prediction for reservoir unit area using Inverse Two is relatively successful, a
majority of 85% if its testing sets have errors under 6.70%.
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•

The theoretical case study shows a 90% certainty of a Project End Time of 10800
days, and a 90% certainty of a Total Injection Volume of 19.8*106 STB.

•

Network Two is relatively less effective than Network One and Network Three
due to its lesser amount of training cases, 404 of 2970 cases were classified as
Scenario Two. Since ANN generally needs huge amount of data to serve as its
knowledge base, the performance of Network Two could be improved by adding
training sets to the original data base. However, the size of the overall training
database would increase proportionally, because it is generally unclear which of
the training cases would be Scenario Two. The overall computation time for the
project would increase exponentially, to days or even weeks, therefore, it is not a
practical task to perform.

7.3 Recommendations
The following recommendations are shown below for future works:
•

Skin factor and capillary pressure could be considered.

•

Water saturation value as an input could be generated less than 0.3.

•

Reservoir depth value as an input could be generated larger than 4000 ft.

•

The size of the input database could be increased in order to have a preferable
data size for the three different scenarios.

•

Same approach can be attempted to incorporate with other subject such as gas
storage or CO2 sequestration.

•

Field data can be introduced to the network to test its authenticity.
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Appendix A
Parameter Distribution Maps

A.1 Overall Distribution (3000 Cases)
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A.2 Distribution for Scenario One (1466 Cases)

122

123

124

125

126

127
A.3 Distribution for Scenario Two (404 Cases)
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A.4 Distribution for Scenario Three (1100 Cases)
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