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ABSTRACT
Due to a sharp fall in oil prices in late 2014, many oil exploration companies have either
stopped operations or postponed projects to a future date. The resulting slowdown has
strengthened the dependency on existing developed fields for oil production. This is a cause
of concern for major oil corporations and governments worldwide, as the dependence on
mature fields suggests that conventional oil extraction techniques may not be enough to
maintain current demand and may lead to significant profit losses. Thus, the development of
enhanced oil recovery (EOR) (also known as tertiary recovery) methods to improve recovery
from developed fields has attracted attention.

Thermal recovery, a widely used EOR method in heavy oil reservoirs, involves the introduction
of heat into the formation to reduce the viscosity of the oil in the reservoir. Cyclic steam
stimulation (CSS) is an effective thermal process used with naturally fractured reservoirs. The
cyclic steam injection (CSI) method incorporates the stages of injecting, soaking and
production one by one in a single well.

The use of a commercial simulator for estimating production is common. However, the
process can be time consuming and complex. Alternatively, it is possible to achieve results
within seconds using an adequately trained artificial neural network (ANN).

This study analyzes CSI performance based on its effectiveness with respect to viscosity
contours and cumulative oil production. Naturally fractured reservoirs are excellent targets
for steam injection because they possess a structure where steam can easily diffuse.
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CHAPTER 1
Introduction
The initial production from a conventional oil reservoir is achievable through the natural
pressure of the reservoir itself. In most cases, cost is not a significant factor for this initial
production; however, recovery from initial production is typically low. Enhanced oil recovery
(EOR) involves the implementation of different techniques for increasing production and, as
a result, facilitating recovery. Steam injection is a widely used technique; options include
cyclic steam injection (CSI), steam flooding and steam assisted gravity drainage (SAGD). As
the cost of generating steam may be significant, analyzing and selecting the method of steam
injection should be done carefully. When injecting steam, not only does the reservoir’s
pressure build up but its temperature increases as well. A temperature change in a reservoir
dramatically changes the viscosity of the reservoir fluid.

In CSS, a single well is employed for both steam injection and production. The goal is to send
high-temperature fluid into the reservoir. As most of the production is supplied from the
matrix, the target is to deliver steam into these micro-pore structures. Naturally fractured
reservoirs make the transmission of an injected fluid to the matrix easier because of their
highly permeable fractures. Fracture spacing plays a key role in designating the location of
the created heat chamber around the wellbore. The advantage of this method is that the
payback periods are relatively shorter than those of other steam injection methods.

ANNs are useful for solving complex and non-linear relationships between input
functions(parameters) and output responses. Numerical simulations are accurate, but they
1

are not generally time-efficient enough for evaluating all possible scenarios and selecting the
optimum one. However, a well-trained ANN is able to give results in seconds. These can either
be implemented for forward solutions that are capable of predicting the production of a given
reservoir or for inverse solutions that are capable of predicting such factors as reservoir
properties, rock-fluid properties, and design parameters.

This thesis is presented as follows:


Chapter 2: Previous works on CSI are reviewed.



Chapter 3: The problem is stated and the workflow for the solution is shown.



Chapter 4: The reservoir model is described and the data collection and generation
processes are illustrated.



Chapter 5: Three ANNs are developed and presented, and the results are discussed.



Chapter 6: The Graphical User Interface (GUI) is introduced.



Chapter 7: The summary, conclusions and recommendations for future work are
provided.

In this research, CMG1 STARS2 (version 2015.10) is employed for the numerical reservoir
simulation. For the developments of ANNs, MATLAB3 (version R2016a) is utilized.

1CMG:

Computer Modelling Group

2STARS:

Steam Thermal & Advanced Processes Reservoir Simulator

3MATLAB:

MATrix LABoratory
2

CHAPTER 2
Literature Review
In this chapter, naturally fractured reservoirs, the CSI method and ANNs are described. In
addition, references are provided on prior work investigating CSI for naturally fractured
reservoirs.
2.1 Naturally Fractured Reservoirs
Fractured reservoirs are believed to affect 25-30 % of the world’s supply of oil [1]. Naturally
fractured reservoirs contain many fractures that spread throughout the reservoirs. Although
the porosity of a fracture network is less than that of matrix, fractures can enhance
production greatly with their ability to serve as highly conductive flow paths for reservoir
fluids. While a matrix serves as a storage for hydrocarbons, a fracture serves as a transmission
unit.
Unlike single porosity systems, reservoir mechanics can be extremely complicated within
naturally fractured reservoirs. Warren and Root (1963) and Kazemi (1969) introduced the
most common geometrical representations of naturally fractured reservoirs [2]. They
assumed that matrix and fracture systems are parallel layers in which; the dimensions of
matrix blocks and the permeability of fractures are the same.

Figure 2.1 Natural Fracture Model of Warren-Root and Kazemi reproduced from [2]

3

In the literature, the fractured porous media models are classified into two main groups: dual
porosity and dual permeability [13].
Dual Porosity: In the dual-porosity approach, it is assumed that matrix blocks have no
connection with each other, and that their role is to supply fluid to the fractures or to store
fluid coming from the fractures. They are connected only to the fractures. As a result, the
wells are connected only to the fractures.
Dual Permeability: In the dual permeability model, both the fractures and the matrix are
considered part of the transport phenomena for the fluid and heat flow. The most important
difference between the dual-permeability and dual-porosity models is that the matrix grid
blocks are connected with each other in the dual-permeability model.

Figure 2.2: 1-D flow representation of three model from [3]

For this study, we selected the dual-porosity model as suggested by Warren and Root (1963).
4

2.2 Cyclic Steam Injection
CSI, also known as huff-and-puff or steam soak, is a well stimulation process based on
transferring steam (heat) from the surface to the reservoir. Sometimes steam is generated in
the downhole to avoid high heat loss during its transportation. Because of potential heat loss,
shallow wells are considered to be better targets in relation to for cost considerations. A single
well is employed for CSI. The injection is implemented whenever the oil flow rate drops below
a desired limit. CSI involves three stages: injection, soaking and production.
Injection Stage: Steam is injected for a short time period, ranging from 1 to 5 weeks. This
stage is designed with several considerations: one, how much steam is needed for delivery;
two, what the generation and injection capacity of the surface units are; and three, how the
pressure builds up in the formation.
Soaking Stage: This stage aims to maximize heat transfer to the reservoir while minimizing
heat loss to the cap rock. Proper time should be selected for soaking in order to satisfy the
projected expectations.
Production Stage: The well is into production. Either the threshold oil-flow rate or the
bottom-hole pressure can be selected as the termination of the stage.

Figure 2.3: Stages of Cyclic Steam Stimulation [4]

5

The main goal of CSS is to utilize the inverse relationship between temperature and viscosity.
Production rates increase with decreasing viscosity. Depends on the change in formation
temperature, the production rates may increase dramatically.

The first application of steam stimulation occurred by mistake in Venezuela in 1959 when a
steam injection well was back flowed to relieve the reservoir pressure [5]. After generating a
promising increase in production, the technique has become a widely applied thermal
recovery process over time.

Aziz et al. (1987) developed thermal EOR simulations using various software for six
companies: Arco Oil and Gas, Chevron Oil Field Research, the Computer Modelling Group
(CMG), Mobil R&D Corporation, Scientific Software-Intercomp, and Société Nationale Elf
Aquitaine. Three different problems—CSI, steam displacement and compositional steam
displacement— were simulated for comparison purposes. After simulating with different
software, they plotted the production profiles. Although they differed slightly from each
other, overall they showed a good agreement. It was determined that any discrepancies
occurred because of different treatment of the wells, the convergence criteria of iterations,
and time step size.

Salazar et al. (1987) proposed the injection of a small slug of natural gas immediately after
CSI as a promising technique. The main mechanism that affects production is the solution gas
drive. Results show that additional oil produced by the gas injection depends on the pressure
of the reservoir. At higher pressures, which occurs mostly in first cycles, the effect of a gas
injection is significant.
6

Briggs (1989) conducted a simulation study for predicting the performance of CSI in naturally
fractured reservoirs. The effects of various parameters such as injection design elements and
reservoir characteristics on production performance were analyzed.

A higher matrix

permeability and a smaller matrix block size showed similar effects on production: a larger
recovery at a faster rate. As expected, larger fracture porosity ended up producing an
accelerated recovery. Another important finding was that slow injection rates increased heat
losses; however, fast injection rates helped disperse heat more widely.

Rajtar et al. (1999) done simulation study for a new CSI project in California. Different
initiation scenarios were compared on the basis of cumulative oil production. Results indicate
that cumulative oil production strongly dependent to well location with reference to water
oil contact (WOC). In the case, ended up with the highest recovery, the horizontal well was
located high above from WOC. Two reasons were stated for high recovery. First, with that
placement, the most effective heating around the wellbore was occurred. Second, the heat
losses to the underlying aquifer were reduced.

Morlat et al. (2007) simulated the same problem for comparison purposes with two different
methods of thermal EOR: top-injection bottom-production (TINBOP) cyclic steam injection
and steam flooding. The field, they simulated, contains heavy oil of 11 °API and 3000 cp (under
insitu conditions) of oil viscosity. In TINBOP CSI method, well completion should be done with
two strings and strings should be separated by two packers: a dual and a single packer. Short
strings opens into the top part of the reservoir, while short string opens into the bottom part
of the reservoir. Initially steam is injected into both strings for 21 days. In the 22 nd day, long
string is opened for production, while short string continues to inject steam for additional 14
7

days. After stopping injection, production continues for 180 days to complete a cycle. In the
second and the following cycles, initial 21 days of injection from both strings is not applied.
This method is slightly different from traditional CSI method. There is no soaking stage in
TINBOP CSI. It is somewhat similar to the SAGD method in which injection and soaking are
done from different levels of reservoir. According to the authors, TINBOP CSI may increase oil
recovery by 57-93 % compare to the traditional CSI. After simulating for 20 years (injecting
same amount of steam) with TINBOP CSI and steam flooding methods; the results indicated
that with TINBOP CSI method, oil recovery was 76%, while it was 69% for steam flooding.

Sun and Ertekin (2015) developed an ANN to investigate two different methods of thermal
stimulation: SAGD and CSI. Steam is continuously injected during SAGD, whereas it is
systematically injected in CSI. Models for CSI were developed for conventional oil sand and
naturally fractured reservoirs. The number of cycles for the CSI project was an unknown, but
was predicted using a supervisory ANN model. The switch from the production phase to the
injection phase occurred automatically whenever the oil flow rate dropped below the
predetermined threshold value. After successfully generating data from the CMG, an ANN
was developed according to different ANN architectures. Flow rate and cumulative
production values were successfully matched by the results coming from the CMG and ANN.

Chang et al. (2016) published a paper that discusses the potential of steam-air injection as a
thermal recovery method. The assumptions were based on the ability of steam-air to divert
steam to the less oil-depleted regions; expectedly, reservoir contact would improve and there
would be an increase in oil production. Results indicated that for some wells operation
increased production significantly, while it had little impact on others.
8

2.3 Artificial Neural Networks
The concept of Artificial Neural Networks derives its origin from the biological nervous
system, which consists of neurons. The human brain has roughly 100 billion neurons with
several thousand connections for each of those. The brain is capable of dealing with nonlinear and complex relationships. ANNs were developed to mimic the processing model of the
human brain. Warren McCulloch and Walter Pitts first introduced models of neurological
networks in 1943, showing that even simple networks are able to calculate almost any logic
or arithmetic function [11]. Frank Rosenblatt used ANN in a practical application for the first
time in the late 1950s by building a perceptron network and demonstrating its ability to
perform pattern recognition [12]. There was tremendous progress involving ANNs during the
computational revolution of the 1980’s. It was (and is) widely used not only in the oil and
natural gas industry but also in many other fields (Table 2.1).

Field
Aerospace

High performance aircraft autopilots, flight path
simulations, aircraft component simulations
Automobile automatic guidance systems, fuel injector
control, automatic braking systems
Weapon steering, target tracking, facial recognition,
signal/image identification
Code sequence prediction, process control

Automotive
Defense
Electronic
Medical
Speech
Telecommunications
Transportation

Application

Breast cancer cell analysis, prosthesis design, hospital
quality improvement
Speech recognition, speech compression, vowel
classification
Image and data compression, real time translation of
spoken language
Vehicle scheduling, routing systems, truck brake
diagnosis systems

Table 2.1: Some applications of ANN in various fields from [12]

9

2.3.1 Neuron Model
Illustration of a single input neuron is shown in Figure 2.4. The scalar input, p, is multiplied by
the scalar weight, w. 1, another input, is multiplied by the bias, b. Both outcomes go into the
summer, Σ. The summer output, n, often referred to as net input, goes into a transfer function,
f, which produces scalar neuron output, a [12].
The neuron output is calculated as:
a = f (wp + b)

(2.1)

Figure 2.4: Single-Input Neuron from [12]

Weights and biases are adjustable scalar parameters and are adjusted according to a learning
rule in order neuron input/output relationships to meet some specified goal. Weight and
biases work similarly, except that biases have a constant input 1 [12]. If the weight is zero, it
is said that no effect can be observed from weight to neuron.
2.3.2 Transfer Functions
Transfer functions, also called as activation functions, are used to transform the activation
level of a neuron into an output signal. There are several transfer functions available; in this
study, the most commonly used transfer functions for multilayer networks are used [15].
10

(a)

Logsig

(b)

Tansig

(c) Purelin

Figure 2.5: Common Transfer Functions from [14]

Log-Sigmoid Transfer Function (logsig): The transfer function takes the input, which can be
any value between plus and minus infinity, and squashes the output into the range 0 to 1. The
following expression describes the logsig function [12]:
𝑓(𝑦) =

1
1+𝑒 −𝑦

(2.2)

This transfer function is used primarily in the hidden layers of multilayer networks whose
learning algorithm is backpropagation, partially because it is differentiable [15].
Hyperbolic Tangent Sigmoid Transfer Function (tansig): Like logsig, tansig can take any input
between plus and minus infinity. However, the output must be between -1 to 1. The following
expression describes the tansig function [12]:
𝑓(𝑦) =

𝑒 𝑦 − 𝑒 −𝑦
𝑒 𝑦 + 𝑒 −𝑦

(2.3)

Linear Transfer Function (purelin): The output of this linear function is equal to its input. It is
used primarily in the output layer of a multilayer network. The following expression describes
the purelin function [12]:
𝑓(𝑦) = y

(2.4)
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The sigmoid transfer functions (logsig, tansig) are used for pattern recognition problems,
while the linear transfer function (purelin) is used for function fitting problems [15].

2.3.3 Topology
Topology (ANN architecture) design is based on the selection of the number of neurons and
the number of hidden layers. Neurons operating in parallel fashion can form layers.
Depending on the complexity of a problem, the number of neurons and hidden layers vary.
While it is possible to select any number of hidden layers and neurons, it is important to select
suitable numbers for decreasing the computational overhead. Training the data set with too
many numbers of neurons may produce an overfitting problem.

Karsoliya (2012) summarized usually adopted rule-of-thumb methods for selecting the proper
number of neurons in the hidden layers:


The number of neurons in a hidden layer should be two-thirds of the size of the input
layer. If this does not work, the number of output layer neurons can be added later.



The number of hidden layer neurons should not be more than twice of the number of
neurons in the input layer.



The number of the hidden layer neurons should fall between the number of input
layer neurons and the number of output layer neurons.

A good ANN architecture can be selected based on the performance of the network for a
given input set. However, the same topology may not show a similar performance for another
input set with the same number of neurons. Not only are the number of neurons in the input
layer used as critical selection criteria for the topology, but also their values.
12

Figure 2.6: Example of a Multilayer Network Structure from [17]

2.3.4 Training/Learning Algorithm
A training algorithm is defined as a procedure for modifying the weights and biases of a
network [12]. Which training algorithm will be the fastest for a given problem depends on
many factors such as the problem complexity, the number of neurons in the input layer, the
number of weights and biases, and the error goal [15]. Some of the training algorithms that
MATLAB users can adapt are Levenberg-Marquardt (trainlm), Quasi-Newton (trainbfg),
Resilient Backpropagation (trainrp), and Scaled Conjugate Gradient (trainscg). Trainlm has
been identified as the fastest training function, followed by trainbfg. Although they are fast,
they tend to be inefficient for large networks with thousands of weights due to their high
memory requirements and long computation times. Trainrp and trainscq are preferred for
training large and/or pattern recognition networks. Comparatively, their memory
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requirements are small. In addition, they are faster for large networks [15]. The trainscg
training function was selected for use in this study.

2.3.5 Improving Generalization: Early Stopping
The data set used for training a network can be divided randomly into three before the
learning process starts: training set, validation set, and testing set. The testing set is thus
isolated from the others and is not part of the training process. It is used to calculate the error
of the predicted output parameters.
𝑇𝑒𝑠𝑡𝑖𝑛𝑔 𝐸𝑟𝑟𝑜𝑟, % =

| 𝑇𝑎𝑟𝑔𝑒𝑡 𝑉𝑎𝑙𝑢𝑒−𝑃𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 𝑉𝑎𝑙𝑢𝑒 |
𝑇𝑎𝑟𝑔𝑒𝑡 𝑉𝑎𝑙𝑢𝑒

𝑥 100

(2.5)

One common problem during network training is overlearning. When too many cases are
introduced to the neural network, ANN memorizes the information instead of generalizing.
While this does not mean that too many cases are a hindrance for training a network, what is
crucial in this situation is to control the training by monitoring the errors. During the training
process, training errors decrease. At a certain point, however, the measure of validation
errors switches from decreasing to increasing. The training should be halted when this occurs
because after that transition, the network simply starts to memorize.

14

CHAPTER 3
Description of the Problem and Proposal of Workflow

Previous studies by [9, 19, 20] show that ANN technology has been successfully applied to
heavy oil recovery. Of interest, CSI has been implemented in conventional heavy oil reservoirs
to create a ‘stimulated zone’ whose temperature values are higher than the rest of the
formation. The volume of this zone is strongly dependent on the fracture spacing in naturally
fractured reservoirs since injected steam can easily move into those fractures. After a
successful implementation of CSI, production will improve. One goal of this study is to
understand how creating stimulated front zone affects production, with respect to the
performance of CSI. Another goal is to design an ANN model, which can be a substitute for
numerical simulators. Finally, a GUI will be developed for three ANN models.

In order to achieve an inclusive study, the model should be as universal as possible. The model
should not restrict a potential user; instead, it should give a user the option to select any
parameters. In this study, the variables are reservoir characteristics, rock and fluid interaction
parameters, oil properties, and injection design parameters.

This study is divided into two parts. The first involves modeling the reservoir and generating
data (inputs and outputs). The second part involves training ANN with the data generated.
This work presents one forward and two inverse ANN models. In the forward model, reservoir
characteristics, rock and fluid interaction parameters, oil properties, and injection design
parameters are the inputs, while performance indicators (cumulative production data and
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viscosity contours) are the outputs. In the inverse ANN 1 model, the inputs are reservoir
characteristics, rock and fluid interaction parameters, oil properties, performance indicators;
the output is injection design parameters. This inverse ANN 1 model answers the question of
what kind of CSI should be chosen to obtain desired cumulative oil production. In the inverse
ANN 2 model, some of the reservoir characteristics are predicted: matrix porosity(ɸm), matrix

OUTPUTS

INPUTS

permeability(km), fracture permeability(kf,), and fracture spacing (Sf).

FORWARD MODEL

INVERSE 1 MODEL

Reservoir Characteristics

Reservoir Characteristics

Rock and Fluid
Interaction Parameters
Oil Properties

Rock and Fluid
Interaction Parameters
Oil Properties

Design Parameters

Performance Indicators

Performance Indicators

Performance Indicators

Design Parameters

km, ɸm, kf, Sf

Figure 3.1: Schematics of ANN Models
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INVERSE 2 MODEL
Rock and Fluid
Interaction Parameters
Oil Properties

Design Parameters

The proposed workflow is displayed in Figure 3.2.

Create
Base Case
In CMG

Select Proper
Grid Size

Determine the
Ranges for
Parameters

Discard
Unrealistic
Cases

Simulate CMG
with the
Generated Data

Generate Data
for Multiple
Cases

Bad Performance

Design
Architecture
of ANN

Train the
Network

Large (suggestion: add functional links)
Errors
Check Errors
of Testing Set
Small
Errors
Good
Performance

Check
Performance

Training
Complete

Figure 3.2: Illustration of the Proposed Workflow Reproduced from [18]

17

CHAPTER 4
Reservoir Modeling and Data Generation
4.1.1 Reservoir Grid
Cylindrical grid geometries are preferred for single-well simulation studies because the aim
of single-well simulation includes forecasting the performance of individual wells [21]. For
purposes of this research, a two-dimensional cylindrical (r and z directions) reservoir model
with 59 grid blocks in a radial (r) direction for each layer is constructed. There are five equal
grid layers. The thickness of each layer is uniform and is determined based on thickness of
the formation. Grids are exponentially spaced along r direction. Both injection and production
wells are in the center of grid blocks (Figure 4.1).

2D Along r and ϴ Directions

2D Along r and z Directions

Figure 4.1: 2D Views of the Grid System
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Smaller grid sizes are preferred for more accurate simulation results. As the number of grid
blocks increases, longer computational times are needed. Therefore, an optimum number of
grid blocks can be selected with proper grid sensitivity analysis. We began by increasing the
number of grid blocks in r direction (starting from 25) with an increment of two. After
comparing production profiles, the number of grid blocks selected was 59 (Figure 4.2). Once
the ranges for input parameters were selected, grid sensitivity analysis has been repeated for
various cases.

Figure 4.2: Daily Production Profiles for Various Grid Block Number
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4.1.2 Fluid Components
It was assumed that reservoir fluid consists of dead oil and water. Pure water properties were
selected. Heavy oil definition is normally based on the gas free properties of oil [22].
According to a definition by the World Energy Council (2007), in order for an oil to be classified
as heavy oil, its dead viscosity should be within the range of 100cp to 10,000 cp at reservoir
temperatures. In addition, the API (American Petroleum Institute) gravity standards for heavy
oil start at 10 and go up to 20 [22]. For this study, the API range selected was 10 to 16. For
the viscosity-temperature correlation, Andrade’s viscosity equation was used [30]:

𝜇 = 𝐴𝑣𝑖𝑠𝑐 ∗ exp(
𝜇

𝐵𝑣𝑖𝑠𝑐
𝑇

)

(4.1)

: viscosity of fluid, cp

Avisc : Constant for specified fluid, cp
Bvisc : Constant for specified fluid, °K
T

: Temperature, °K

In this study, it is assumed that oil behave as a Newtonian fluid and the viscosity depends only
on the temperature. Ranges for Avisc and Bvisc are selected to satisfy heavy oil classification.
In this study, considering reservoir conditions, the selected range spans a maximum oil
viscosity of 9889.5 cp and a minimum viscosity of 100.5 cp.

Isehunwa and Falade (2007) established a correlation for estimating molecular weight of
heavy oil components:
𝑀𝑊 = 9260.1 ∗ (𝐴𝑃𝐼 )−1.2894

(4.2)

In this study, equation 4.2 were used to calculate molecular weights of the components.
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4.1.3 Rock-Fluid Interactions
It was assumed that capillary pressure is zero. The connate water saturation(Swcon), residual
oil saturation to gas(Sorg), critical gas saturation(Sgcrit), and gas relative permeability at connate
oil saturation(Krgcl) are the varying parameters, while residual oil saturation to water(Sorw) is
assumed to be zero. Relative permeability tables were generated using the following
correlations [24], designed for Sandstone.

Water/Oil Systems:

𝐾𝑟𝑤 =

0.035388∗(𝑆𝑤−𝑆𝑤𝑐𝑟𝑖𝑡)
−
(1−𝑆𝑤𝑐𝑟𝑖𝑡−𝑆𝑜𝑟𝑤)

(𝑆𝑤−𝑆𝑜𝑟𝑤)

0.010874 ∗ (1−𝑆𝑤𝑐𝑟𝑖𝑡−𝑆𝑜𝑟𝑤)

2.9

(4.3)

+0.56556 ∗ 𝑆𝑤 3.6 ∗ (𝑆𝑤 − 𝑆𝑤𝑐𝑟𝑖𝑡)

𝐾𝑟𝑜𝑤 = 0.76067 ∗

1.8
𝑆𝑜
−𝑆𝑜𝑟𝑤)
1−𝑆𝑤𝑐𝑜𝑛

(

(1−𝑆𝑜𝑟𝑤)

(𝑆𝑜−𝑆𝑜𝑟𝑤)

∗ (1−𝑆𝑤𝑐𝑜𝑛−𝑆𝑜𝑟𝑤)

2.0

(4.4)

+2.6318 ∗ ɸ𝑚 ∗ (1 − 𝑆𝑜𝑟𝑤 ) ∗ (𝑆𝑜 − 𝑆𝑜𝑟𝑤)

Sw

: water saturation

Krw

: water relative permeability

Krow

: oil relative permeability

Gas/Oil Systems:
𝑆𝑜

4.0

𝐾𝑟𝑜𝑔 = 0.98372 ∗ (1−𝑆𝑤𝑐𝑜𝑛)

𝑆𝑔−𝑆𝑔𝑐𝑟𝑖𝑡 2.0

𝐾𝑟𝑔 = 1.1072 ∗ 𝐾𝑟𝑔𝑐𝑙 ∗ ( 1−𝑆𝑤𝑐𝑜𝑛 )

𝑆𝑜−𝑆𝑜𝑟𝑔

∗ (1−𝑆𝑤𝑐𝑜𝑛−𝑆𝑜𝑟𝑔)2.0

(4.5)

𝑆𝑔−𝑆𝑔𝑐𝑟𝑖𝑡

+ 2.7794 ∗ 𝑆𝑜𝑟𝑔 ∗ 𝐾𝑟𝑔𝑐𝑙 ∗ ( 1−𝑆𝑤𝑐𝑜𝑛 )
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(4.6)

So

: oil saturation

Krog

: oil relative permeability

Krg

: gas relative permeability

Analysis based on a review paper [25] that took into consideration 1507 projects shows that
thermal methods have been applied primarily to sandstone rocks. Thermal recovery from
carbonate rocks has not been popular because in order to do simulations for carbonate rocks,
proper modeling is necessary. However, it has not been easy to describe carbonate
heterogeneity.

Figure 4.3: EOR Method by Lithology from [25]
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4.1.4 Operating Conditions
Conditions were set as follows. A single well is drilled along z-direction. Both injection and
production will occur in the same well. The well radius is 0.28 feet and there is no skin factor.
The process starts with the initial recovery and continues until the termination flow rate is
reached. A termination flow rate of 30 barrels per day (bbl/day) of oil was selected after trial
and error. When the abandonment flow rate is high, most of the fluid is not recovered during
initial production; however, when the abandonment flow rate is low, it takes too much time
to complete the initial production. After the completion of the initial production, the injection
period starts and the soaking period follows. Both the injection and soaking duration were
selected randomly within the ranges. Secondary production starts after the soaking period.
The termination flow rate for secondary production was also set at 30 bbl/day.

Figure 4.4: Stages of Process

While steam quality, steam temperature, and the steam injection rate are specified, steam
injection pressure is not. Necessary steam injection pressure was calculated by CMG STARS
in order to meet steam quality and injection rate requirements.
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4.2 Case Generation
An ANN needs to be designed and trained adequately to generate dependable results. After
creating the base reservoir case and the design parameters, a large number of cases were
generated for various parameters. Some constraints were implemented into the random
number generator to avoid physically impossible cases. Matrix porosity (ɸm) needed to be
greater than fracture porosity (ɸf). Fracture permeability (kf) needed to be higher than matrix
permeability (km). In this research, heavy oil were studied and the ranges were selected
accordingly. Tables 4.1, 4.2 and 4.3 show the pre-determined ranges and parameters. The
random number generator function of MATLAB was applied for this process. Once the
numbers were generated, a BATCH file was created for simulating those cases. In order to
extract necessary output from the numerical simulator, MATLAB scripts were written.

Reservoir Characteristics

Minimum Value

Maximum Value

Depth, ft

1000

7000

Initial Pressure, psi

500

3000

Initial Temperature, °F

80

160

Initial Water Saturation

0.2

0.5

Thickness, ft

25

100

Matrix Porosity, %

10

35

Fracture Porosity, %

0.1

2

Matrix Permeability, md

40

200

Fracture Permeability, md

100

800

Fracture Spacing, ft

10

60

Table 4.1: Range of Reservoir Properties
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Design Parameters

Minimum Value

Maximum Value

Steam Injection Rate, bbl/day

500

2000

Steam Temperature, °F

450

750

Steam Quality

0.7

1

Injection Time, days

15

30

Soaking Time, days

10

25

Table 4.2: Ranges of Design Parameters

Once all inputs and outputs were collected, some cases were discarded. Cases in which the
initial production was too low and did not achieve the termination flow rate were discarded.
Cases in which production was prolific and the flow rate did not drop to the termination flow
rate within two years were also discarded. After eliminating undesired scenarios, 1428 cases
remained.

Rock and Fluid Interaction
Parameters & Oil Properties

Minimum Value

Maximum Value

Connate Water Saturation, Swcon

0.1

0.3

Residual Oil Saturation to Gas, Sorg

0

0.3

Critical Gas Saturation, Sgcrit

0.05

0.3

Gas Rel. Perm. at Con. Oil Sat., Krgcl

0.3

0.5

API Gravity

10

16

Avisc, cp

6E-03

8E-03

Bvisc, °F

3000

4500

Table 4.3: Ranges of Rock and Fluid Interaction Parameters & Oil Properties
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4.3 Data Collection
Appropriate data is essential for successful ANN training. In this section, the kind of data
selected as output is reviewed. To figure out the performance of a steam injection, changes
in production can be measured. In this study, we focused on cumulative oil production values.
Successful CSI should end up with an increase in production. However, the duration of the
project is also a key factor. It is desirable to increase recovery in a short payback period. Not
only cumulative production but also corresponding time data were extracted. There were 18
cumulative data points; 9 from the initial production and 9 from the secondary production.
Since the cumulative production at the end of initial production and at the beginning of
secondary production should be same, only one of them was extracted. All the data were
extracted in equal time intervals. The total time passed during the initial production was
divided into 9 equal time intervals and the corresponding production values were selected.
Similarly, the total time passed during the secondary production was divided into 9 and the
corresponding cumulative production data were extracted. However, not all the related
times were extracted: only the time reached at the beginning of secondary production and
the time reached at the end of the project were included. Since injection and soaking time
were known, and the points were extracted in equal time intervals, predicting two of the time
data was enough to point all of the predicted cumulative production points on a plot. Overall,
20 outputs were extracted. Figure 4.5 shows a typical cumulative production profile and
indicates the data points that were extracted for this case.

In addition, oil viscosity contours were selected as an output in order to generate a better
understanding of how viscosity changes. During the initial production, temperature and oil
viscosity values were uniformly distributed throughout the formation.
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Figure 4.5: Selected Outputs from a Typical Cumulative Production Profile

However, injecting high-temperature steam changed the temperature of the formation. The
temperature change was high around the wellbore, whereas it was low at the gridblocks far
away from the wellbore. At the edges of the formation there were no significant changes.
Temperature data throughout the formation was extracted at the beginning of the secondary
production. Using Andrade’s equation, oil viscosity was calculated. Five different oil viscosity
contours were selected as an output. The radius, where oil viscosity dropped to 20 % of its
original value, is one contour. Measurements were made at levels of 30%, 40%, 50%, and 95%
viscosity reduction. However, the viscosity did not drop enough to extract those outputs in
every case. In other words, the formation temperature did not drop enough below a certain
value to warrant extracting those outputs. However, the same size of output for each case
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must be provided for ANN. Therefore, we decided to use pseudo distances for the cases in
which viscosity did not drop as much as to extract 20% 30%, 40%, 50% viscosity contours. We
used 0.5 ft, 1.0 ft, 1.5 ft, 2.0 ft as pseudo distances for the 20%, 30% 40%, 50% viscosity
contours, respectively.

Figure 4.6 shows an example of formation temperature distribution during the initial
production. Figure 4.7 shows the formation temperature distribution of the same example
after CSI. The injection design parameters for this case were 1250 bbl/day of steam injection
rate, 0.85 of steam quality, 600°F of steam temperature, 22 days of injection time, and 12
days of soaking time.

Figure 4.6: An Example of Formation Temperature Distribution before CSI
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Figure 4.7: An Example of Formation Temperature Distribution after CSI

In the example case, the original viscosity of the fluid (calculated based on an initial formation
temperature of 120°F) was 798.5 cp. Following CSI, the formation temperature increased as
high as 210.4 °F and viscosity decreased as low as 165.9 cp. The lowest viscosity encountered
in the formation (165.9 cp) was 20.8% of the original viscosity. There were no points in the
formation that had a viscosity of 20% of the original viscosity. Therefore, we assigned ‘0.5 ft’
(in r direction) as a 20% viscosity contour for this research. However, at a radius of 135 ft, the
viscosity of the fluid was 30% of the original viscosity, at 240 cp. Therefore we were able to
extract data at the 30% viscosity contour. By following the same rule, all the viscosity contours
were extracted. The example case’s viscosity and temperature vs radius plot are shown in
Figures 4.8 and 4.9.
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Temperature Profile

Temperature, °K

230
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190
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Radius, ft

Figure 4.8: Temperature Distribution Before and After CSI

Viscosity, cp

Viscosity Profile
900
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300
Radius, ft
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500
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Figure 4.9: Viscosity Distribution Before and After CSI

We defined stimulated zone as the zone in which minimum viscosity reduction is 50% of the
original viscosity. In other words, stimulated zone consists of 20, 30, 40, and 50% viscosity
contours. The radius of the stimulated zone is equal to the 50% viscosity contour of the same
case. We figured out that whenever we had a larger stimulated front zone in volume, the
increment in production was higher compare to the smaller stimulated zone. Figure 4.10 and
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4.11 show the cumulative oil production profiles of two cases, case 4 and 7, respectively.
Table 4.4 and 4.5 show the viscosity contours of case 4 and 7, respectively. In the case 4,
where viscosity contours consist of pseudo distances, (smaller stimulated zone comparing to
the other case) cumulative oil production has increased by 39.5%.

Outputs

Values

20% Viscosity Contours

0.5 ft

30% Viscosity Contours

1.0 ft

40% Viscosity Contours

1.5 ft

50% Viscosity Contours

2.0 ft

95% Viscosity Contours

228.7

Table 4.4: Viscosity Contour outputs – Case 4

Figure 4.10: Cumulative Oil Production Profile – Case 4
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On the other hand, cumulative oil production increased by 60 % in case 7. It can be observed
that when stimulated zone has a larger volume, its effect on production becomes more
significant.

Outputs

Values

20% Viscosity Contours

0.5 ft

30% Viscosity Contours

8.5 ft

40% Viscosity Contours

124.6 ft

50% Viscosity Contours

148.3 ft

95% Viscosity Contours

267.5

Table 4.5: Viscosity Contour outputs – Case 7

Figure 4.11: Cumulative Oil Production Profile – Case 7
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When collecting data it must be understood that fracture spacing directly affects viscosity
contours. The reason behind this is that in naturally fractured reservoirs, injected fluid travels
through the fractures and if a fracture is long enough, the injected steam can travel longer
distances. The volume for steam to diffuse increases as the radius increases. As a result,
temperature increments decrease. For example, consider two reservoirs with different
fracture spacing (10 ft, 30 ft). Everything else remains the same and the initial reservoir
temperature is equal to 120 °F. The temperature profiles after CSI are shown in Figure 4.10.
It can be observed that when fracture spacing is 10 ft, the highest temperature is reached.

Temperature, °F

Temperature Profiles
500
450
400
350
300
250
200
150
100
50
0

10 ft of fracture spacing
30 ft of fracture spacing

0

200

400

600
Radius, ft

800

1000

1200

Figure 4.12: Temperature Distribution of two Cases with 10 and 30 ft Fracture Spacing
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CHAPTER 5
ANN Model Development & Results

This chapter examines the successful development of one forward looking and two inverse
looking ANN models in detail. The forward-looking model is used to predict production
performance. The output of the inverse ANN 1 model defines the injection design parameters.
The inverse ANN 2 model predicts the important reservoir characteristics: matrix permeability
(km), matrix porosity (ɸm), fracture permeability (kf), and fracture spacing (Sf).

After discarding unqualified cases [see 4.2], 1428 cases remained. As noted previously in
subsection 2.3.5, the number of cases selected for training, validation and testing was a core
design component. In general, the number of cases for validation and testing should not be
too small, as that might decrease the consistency of the network. Once the network is trained,
it should be shuffled multiple times in order to test consistency. If a small proportion of cases
is selected for validation and testing, resulting errors may deviate in every shuffle. However,
if a large proportion of cases is selected for validation and testing, the number of training
cases will be less and thus end up training the network with insufficient data. Consequently,
the data was divided according to those conditions. The dividerand function of MATLAB was
used for randomly dividing the data.

A functional link can be any parameter, which helps train a network. A functional link can be
a random combination of input and output neurons with random mathematical operations.
It can even be a variable that is not part of either the input or output neurons. However,
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output neurons (or a combination of them with other variables) cannot serve as functional
links in the input. Conversely, input neurons (or a combination of them with other variables)
can used as functional links in the output. Adding functional links may or may not help to
correct errors. The trial-and-error method should be used to adapt functional links. In this
study, we adapted certain functional links to improve the error factors.

5.1 Forward ANN Model
In this model, reservoir characteristics, rock and fluid interaction parameters, oil properties,
and injection design parameters were selected as inputs. The corresponding viscosity
contours, cumulative oil production and time related to that data were selected as outputs.
All the inputs and outputs are provided in Table 5.2.

After trial and error for different divisions of the data set, the final data division was selected
as shown in Table 5.1.

Distribution

Number of Samples

Training

80 %

1142

Validation

10 %

143

Testing

10 %

143

Table 5.1: Division of Data Set – Forward ANN Model
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Table 5.2: Input and Output Components - Forward ANN Model
Matrix Permeability
Matrix Porosity
Fracture Permeability
Fracture Porosity
Fracture Spacing

Reservoir Properties

Thickness of Reservoir
Initial Reservoir Temperature
Initial Oil Saturation

INPUT (22)

Initial Pressure
Depth
Connate Water Saturation

Rock and Fluid Interaction

Residual Oil Saturation
Critical Gas Saturation

Parameters

Gas Rel. Permeability at Con. Oil Sat.
API Gravity

Oil Properties

Avisc
Bvisc
Steam Quality
Steam Temperature

Injection Design

Steam Injection Rate

Parameters

Injection Time

OUTPUT (25)

Soaking Time

Cumulative Oil Production

18 Data Points

Time at the beginning and
at the end of the
Secondary Recovery

2 Data Points

Viscosity Contours

20, 30, 40, 50, 95%
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This model predicted not only the production after CSI but also the initial production of a well.
In the field, CSI is implemented after the initial production occurs. As production declines, a
need for CSS emerges, and its proper design can be completed with all the data collected until
that time. However, our model is able to predict not only secondary production but also a
production profile of a well with given field data. This model could serve as a viable tool for
predicting the production profile of a field with no existing information available.

The acceptable error percentage for this model was selected as 10%. The topology (which
identifies errors up to 10%) was considered the optimal topology for the model. It was
selected after thousands of trials. The range for the number of neurons was 20 to 100 and
the range for hidden layers was 1 to 5, with the understanding that multiple layers yield better
results. The chosen topology has two hidden layers with neurons of 23 and 22, respectively.
Logsig transfer functions were adopted for the first two layers and the purelin transfer
function was used for the output layer. Functional links were unnecessary in this network
because the errors fell within desirable ranges. The error distribution of outputs is illustrated
in Table 5.3.

Although there is no “best solution” for ANN because of the unlimited number of topology
designs and learning algorithms available, the topology for specified learning algorithms that
gives a minimum error is considered as the best desirable ANN architecture. It is quite possible
to find another topology that yields a lower error factor. The topology that gave the best
results is showns in Figure 5.1.
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Figure 5.1: Topology - Forward ANN Model
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Table 5.3: Average Errors – Forward ANN Model

Outputs

Average
Error, %

Minimum
Error, %

Maximum
Error, %

20 % Viscosity Contours

116.67

36.55

453.24

30 % Viscosity Contours

93.29

30.7

243.78

40 % Viscosity Contours

67.76

24.09

204.13

50 % Viscosity Contours

62.95

22.00

132.20

95 % Viscosity Contours

3.22

2.32

4.71

Cumulative Oil Production Data Point 1

7.97

4.52

17.01

Cumulative Oil Production Data Point 2

5.97

3.34

11.42

Cumulative Oil Production Data Point 3

4.67

2.43

8.5

Cumulative Oil Production Data Point 4

3.41

2.07

6.15

Cumulative Oil Production Data Point 5

2.77

1.74

4.88

Cumulative Oil Production Data Point 6

2.67

1.54

4.76

Cumulative Oil Production Data Point 7

2.67

1.54

4.88

Cumulative Oil Production Data Point 8

2.67

1.57

4.85

Cumulative Oil Production Data Point 9

2.62

1.56

4.82

Cumulative Oil Production Data Point 10

2.73

1.83

4.47

Cumulative Oil Production Data Point 11

3.03

2.05

4.72

Cumulative Oil Production Data Point 12

3.22

2.03

5.41

Cumulative Oil Production Data Point 13

3.31

2.13

5.95

Cumulative Oil Production Data Point 14

3.34

2.04

6.31

Cumulative Oil Production Data Point 15

3.37

2.04

6.48

Cumulative Oil Production Data Point 16

3.39

2.01

6.71

Cumulative Oil Production Data Point 17

3.40

2.05

6.77

Cumulative Oil Production Data Point 18

3.40

2.03

6.75

Time Data 1

5.20

3.35

8.63

Time Data 2

5.62

3.79

8.75
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The average errors of each output (Table 5.3) was calculated for 400 shuffles with 143 training
sets each, generating a total of 57,200 different cases. On the other hand, minimum and
maximum errors were the average minimum and maximum errors of 400 shuffles for each
output.

The average errors for cumulative production data were low. Even though they were mostly
in the range of 2 to 4 %, the first three cumulative production data sets showed higher errors.
Among the 18 cumulative production points, the first point had the highest error at 7.97%;
the error decreased as low as 2.62% as cumulative oil production data for later times were
predicted. This indicated that the production profiles for the initial production were predicted
with slightly higher errors.

Error Distribution of
Cumulative Production Data Points
9

Average Error by percentage

8
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Figure 5.2: Error Distribution of Cumulative Production Data Points
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18

20

Errors at four of the viscosity contours (20%, 30%, 40%, 50%) were high. However, the errors
for the 95% viscosity contour were within desired ranges. As previously mentioned [4.3],
pseudo distances (0.5 ft for 20% viscosity contour; 1.0 ft for 30% viscosity contour; 1.5 ft for
40% viscosity contour; 2.0 ft for 50% viscosity contour) were used as outputs in cases when
real data were not existent. Specifically, 63.0% of the 20% viscosity contours were formed in
the immediate vicinity of the wellbore. This percentage was 50.1 for 30% viscosity contours,
37.1 for 40% viscosity contours and 20.6 for 50% viscosity contours. However, high errors did
not reflect a low performance of the network in this case. When we look at the predictions,
we see that errors were high only when the network predicted short radius from the wellbore.
For example, when assuming that the target is 0.5 ft, and the network predicts 1.0 ft: even
though physically the reality does not make much difference, mathematically it gives a 100%
error indication.

The target (CMG STARS results) and the prediction (ANN data points) were plotted for each
of the outputs. It can be observed that when the network predicts using real data, errors are
reasonable (Figures 5.2, 5.3, 5.4, and 5.5). The average errors for the 100 cases were
calculated and appear at the top of each figure.
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Figure 5.3: Comparison of 20% Viscosity Contours for Numerical Simulator and ANN

Figure 5.4: Comparison of 30% Viscosity Contours for Numerical Simulator and ANN
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Figure 5.5: Comparison of 40% Viscosity Contour for Numerical Simulator and ANN

Figure 5.6: Comparison of 50% Viscosity Contour of Numerical Simulator and ANN
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In addition, we examined the cumulative production predictions of such cases (with a high
viscosity contour error). Observe case 25 as an example. The target viscosity contours and
predicted viscosity contours do not match at all (Table 5.4). However, cumulative production
prediction numbers for the same case are satisfactory (Figure 5.7). To sum up, even though
errors are high when predicting with pseudo distances, production errors are not parallel to
them.

Outputs

Target

Prediction

Errors by %

20% Viscosity Contours

0.5 ft

0.69 ft

37.54

30% Viscosity Contours

1.0 ft

0.76 ft

24.34

40% Viscosity Contours

1.5 ft

-0.89 ft

159.25

50% Viscosity Contours

2.0 ft

-0.83 ft

141.36

Table 5.4: Results Comparison for Case 25

Figure 5.7: Prediction of Cumulative Production Data Points for Case 25
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The average error for all 20 outputs (excluding viscosity contour errors) was calculated for
one testing set. Based on the error data from the 143 test cases, three different cases were
selected to represent the best case (with minimum error), the average case (with median
error) and the worst case (with maximum error). Viscosity contours were not included in this
calculation because, as noted previously, their errors did not truly reflect reality. Both
production and viscosity contour comparisons of the worst, best, and average cases were
completed.

Figure 5.8: Prediction of Cumulative Production Data Points for Worst Case

As may be seen in Table 5.5, the errors for cumulative oil production data points were as high
as 48.3%. Of interest, errors for the two time data elements were in the desired range: 5.76%
and 6.80%.
45

Table 5.5: Results Comparison for Worst Case

Outputs

Target

Prediction

Errors by
%

20% Viscosity Contours, ft

0.50

-1.04

307.86

30% Viscosity Contours, ft

1

1.97

96.67

40% Viscosity Contours, ft

1.50

10.79

619.24

50% Viscosity Contours, ft

53.24

27.32

48.69

95% Viscosity Contours. Ft

346.61

319.18

7.92

Cumulative Oil Production Data Point 1, bbl

1058.0

547.1

48.3

Cumulative Oil Production Data Point 2, bbl

1937.3

1244.3

35.8

Cumulative Oil Production Data Point 3, bbl

2671.0

1747.9

34.6

Cumulative Oil Production Data Point 4, bbl

3283.6

2393.9

27.1

Cumulative Oil Production Data Point 5, bbl

3736.3

3470.4

7.1

Cumulative Oil Production Data Point 6, bbl

4173.7

3461.4

17.1

Cumulative Oil Production Data Point 7, bbl

4539.1

4058.0

10.6

Cumulative Oil Production Data Point 8, bbl

4844.5

4069.7

16.0

Cumulative Oil Production Data Point 9, bbl

5099.8

4117.0

19.3

Cumulative Oil Production Data Point 10, bbl

7780.0

5160.6

33.7

Cumulative Oil Production Data Point 11, bbl

10406.1

7201.2

30.8

Cumulative Oil Production Data Point 12, bbl

12594.0

8846.8

29.8

Cumulative Oil Production Data Point 13, bbl

14168.0

10517.9

25.8

Cumulative Oil Production Data Point 14, bbl

15396.4

11664.4

24.2

Cumulative Oil Production Data Point 15, bbl

16352.9

11962.1

26.9

Cumulative Oil Production Data Point 16, bbl

17146.6

12588.6

26.6

Cumulative Oil Production Data Point 17, bbl

17712.7

12942.8

26.9

Cumulative Oil Production Data Point 18, bbl

18146.8

14017.7

22.8

Time Data 1, days

105

97.8

6.8

Time Data 2, days

224

211.1

5.76
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Figure 5.9: Prediction of Cumulative Production Data Points for Best Case

In the best case, most of the cumulative oil production data points dropped on the curve.
Their related errors were is as low as 0.02%, point 7; and as high as 1.82%, point 1.
Additionally, two time data errors were below the acceptable error tolerance. Although
viscosity contours did not contribute to the selection of this case as a best case, the errors for
viscosity contours were also low. Table 5.6 summarizes the errors for this specific case.
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Table 5.6: Results Comparison for Best Case

Outputs

Target

Prediction

Errors by %

20% Viscosity Contours, ft

105.6

113.6

7.53

30% Viscosity Contours, ft

117.0

111.9

4.34

40% Viscosity Contours, ft

127.4

126.6

0.66

50% Viscosity Contours, ft

137.9

134.8

2.27

95% Viscosity Contours. Ft

221.3

215.2

2.76

Cumulative Oil Production Data Point 1, bbl

40091.4

39363.4

1.82

Cumulative Oil Production Data Point 2, bbl

65259.0

64978.9

0.43

Cumulative Oil Production Data Point 3, bbl

79816.1

80048.8

0.29

Cumulative Oil Production Data Point 4, bbl

89144.6

88916.1

0.26

Cumulative Oil Production Data Point 5, bbl

94605.6

94764.1

0.17

Cumulative Oil Production Data Point 6, bbl

98130.3

97595.8

0.54

Cumulative Oil Production Data Point 7, bbl

100203.0

100180.3

0.02

Cumulative Oil Production Data Point 8, bbl

101544.0

101222.6

0.32

Cumulative Oil Production Data Point 9, bbl

102557.0

102443.0

0.11

Cumulative Oil Production Data Point 10, bbl

105800.0

105396.7

0.38

Cumulative Oil Production Data Point 11, bbl

109755.0

108735.5

0.93

Cumulative Oil Production Data Point 12, bbl

112978.0

112279.2

0.62

Cumulative Oil Production Data Point 13, bbl

115334.0

114376.2

0.83

Cumulative Oil Production Data Point 14, bbl

116840.0

116376.6

0.40

Cumulative Oil Production Data Point 15, bbl

118006.0

117625.3

0.32

Cumulative Oil Production Data Point 16, bbl

118793.0

118413.0

0.32

Cumulative Oil Production Data Point 17, bbl

119320.0

118670.9

0.54

Cumulative Oil Production Data Point 18, bbl

119669.0

119552.9

0.10

Time Data 1, days

235

243.7

3.65

Time Data 2, days

324

328.2

1.31
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Figure 5.10: Prediction of Cumulative Production Data Points of Average Case

The average case has a cumulative production error range of 0.47% to 7.82%. However, as
observable in Figure 5.10, the secondary production points missed the target: the secondary
time data error is 8.19%. This caused a rightward shift in the data points. The viscosity
contours prediction for this average case is very satisfactory. As all the targets are real, the
network predicted with a low error indication (Table 5.7).
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Table 5.7: Results Comparison for Average Case

Variables

Target

20% Viscosity Contours, ft

79.6

83.4

4.79

30% Viscosity Contours, ft

86.2

90.7

5.26

40% Viscosity Contours, ft

91.8

92.9

1.19

50% Viscosity Contours, ft

97.4

96.4

1.10

95% Viscosity Contours. Ft

141.5

132.8

6.11

Cumulative Oil Production Data Point 1, bbl

17819.7

16426.0

7.82

Cumulative Oil Production Data Point 2, bbl

28297.1

28045.0

0.89

Cumulative Oil Production Data Point 3, bbl

35510.0

35249.3

0.73

Cumulative Oil Production Data Point 4, bbl

39434.9

39250.9

0.47

Cumulative Oil Production Data Point 5, bbl

41301.3

40950.0

0.85

Cumulative Oil Production Data Point 6, bbl

42592.4

41972.8

1.45

Cumulative Oil Production Data Point 7, bbl

43297.1

42447.4

1.96

Cumulative Oil Production Data Point 8, bbl

43632.7

43143.8

1.12

Cumulative Oil Production Data Point 9, bbl

43985.2

43036.1

2.16

Cumulative Oil Production Data Point 10, bbl

47794.1

48860.8

2.23

Cumulative Oil Production Data Point 11, bbl

51269.9

54064.3

5.45

Cumulative Oil Production Data Point 12, bbl

54991.2

57124.7

3.88

Cumulative Oil Production Data Point 13, bbl

57611.6

59657.6

3.55

Cumulative Oil Production Data Point 14, bbl

58849.9

60825.1

3.36

Cumulative Oil Production Data Point 15, bbl

59809.2

61644.2

3.07

Cumulative Oil Production Data Point 16, bbl

60287.3

61846.9

2.59

Cumulative Oil Production Data Point 17, bbl

60473.7

62371.3

3.14

Cumulative Oil Production Data Point 18, bbl

60605.0

62580.5

3.26

Time Data 1, days

88

83.5

5.11

Time Data 2, days

121

130.9

8.19
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Prediction Errors by %

5.2 Inverse ANN 1 Model

The purpose of building this ANN model was to predict injection design parameters in a given
reservoir for desired production. When this network is trained and ready to use, one can
extract the necessary design parameters for a desired production profile. To create this
model, reservoir characteristics, rock-fluid properties, oil properties and performance
indicators were chosen as inputs. In addition, two functional links were incorporated to
improve the ANN training. All the inputs and outputs are listed in Table 5.9.

The temperature around the wellbore after CSI (specifically, the first day of secondary
production) was selected as a functional link. Another functional link used was the daily oil
flow rate (bbl/day) at the first day of secondary production. Using performance-related
parameters as functional links increases the understanding between the input and output
parameters. In this network, the production data related to the initial recovery was not
relevant to the injection design parameters, however; they were used in the input layer to
provide a base for secondary production. This means the output layer parameters had no
effect on initial production, since they were implemented after initial production.

Distribution

Number of Samples

Training

84 %

1200

Validation

8%

114

Testing

8%

114
Total of 1428

Table 5.8: Division of Data Set – Inverse ANN 1 Model
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Table 5.9: Input and Output Components - Inverse ANN 1 Model
Matrix Permeability
Matrix Porosity
Fracture Permeability
Fracture Porosity
Fracture Spacing

Reservoir Properties

Thickness of Reservoir
Initial Reservoir Temperature
Initial Oil Saturation

INPUT (60)

Initial Pressure
Depth
Connate Water Saturation

Rock and Fluid Interaction

Residual Oil Saturation
Critical Gas Saturation

Parameters

Gas Rel. Permeability at Con. Oil Sat.
API Gravity

Oil Properties

Avisc
Bvisc
Cumulative Oil Production(18)

Performance Indicators

Time (18)
Viscosity Contours (5)
Temperature (1)

OUTPUT(5)

Functional Links

Flow Rate(1)
Steam Quality
Steam Temperature

Injection Design Parameters

Steam Injection Rate
Injection Time
Soaking Time
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The acceptable error percentage for this model was set at 10%. After trial and error, the
topology providing the minimum error was selected for this network model (Figure 5.11). The
range for the number of neurons in each layer used in the trial-and-error process was 20 to
100. The selected range for number of layer was 1 to 5. It was accepted that multiple layers
gave better network performance. Tansig and logsig transfer functions were adapted in the
first two layers, respectively, and purelin was used for the output layer.

The average errors of each output were calculated for 400 shuffles. Minimum and maximum
errors were calculated for the lowest and highest error of the 400 shuffles for each output.
The average errors of the output were mostly within the acceptable error tolerance of 10%
(Table 5.10). Only the steam temperature measure was slightly off the target with a 13.03%
error. However, observing the minimum and maximum errors, we can deduce that the
consistency of the errors is good. Selecting different cases for training, validation and testing
(shuffling) did not significantly change the errors. This is a sign that the success of the network
is independent from the selection of cases for training, validation and testing.

Outputs

Average Error, %

Minimum Error, %

Maximum Error, %

Steam Quality

9.12

7.22

10.80

Steam Temperature

13.03

10.91

15.10

Steam Injection Rate

8.91

6.61

12.64

Injection Time

7.56

5.29

11.06

Soaking Time

10.19

7.30

15.14

Table 5.10: Average Errors - Inverse ANN 1 Model
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Figure 5.11: Topology – Inverse ANN 1 Model
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Figure 5.12 illustrates a comparison of 100 different targets (results of CMG STARS analysis)
and predictions (results of ANN) for soaking time. We selected the range for soaking time as
10 to 25 days. However, some predictions dropped out of this range. This is a common
condition when using ANN as the ranges for predictions cannot be specified. Figures 5.12 to
Figure 5.15 shows similar comparisons for injection time, steam injection rate, steam
temperature and steam quality, respectively. The average error rate for the 100 predictions
is provided at the top of each figure.

Figure 5.12: Comparison of Soaking Time for Numerical Simulator and ANN
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Figure 5.13: Comparison of Injection Time for Numerical Simulator and ANN

Figure 5.14: Comparison of Steam Injection Rate for Numerical Simulator and ANN
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Figure 5.15: Comparison of Steam Temperature for Numerical Simulator and ANN

Figure 5.16: Comparison of Steam Quality for Numerical Simulator and ANN
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Even though the results look reasonable, verification of the predictions is important for the
inverse ANN models. While the predictions have small error indications when used in the
forward model, the resulting production data may end up with high errors. Verification of the
inverse ANN models must be done to analyze the reliability of the network. Figure 5.7 shows
the workflow of the verification.

Figure 5.17: Workflow of the Verification – Inverse ANN 1 Model

Specifically, the inverse ANN 1 model should be applied to predict actual design parameters.
These design parameters should then be used as inputs for creating the forward model. It is
important to keep in mind that the same field data should be used for both models. The
output of the forward model, production data, should be compared with the production data
of the inverse ANN 1 model. If there is not a significant difference between them, the network
may be considered reliable. For verification purposes, three different cases with a range of
errors (high being the worst case, medium being the average case, and low being the best
case) were selected.
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Table 5.11 shows the targets, predictions and errors for the worst case. The steam
temperature, steam injection rate and soaking time were overestimated. Conversely, steam
quality and injection time were underestimated. When we look at the big picture, the point
of CSI is to transfer heat to the reservoir. The same amount of heat can be applied using
different designs. CSS does not necessarily offer a unique solution. Different designs may end
up generating similar production profiles. Figure 5.18 helps explain this situation. Although
the average error was 27.75%, there was little difference in the cumulative production
profiles; a review shows that errors in the design parameters compensated for each other.
For example, the target steam temperature was 467.09 °F, but the predicted steam
temperature was 616.32 °F. The target injection time was 20 days but was predicted as 14.94
days. Although higher-temperature steam was injected into the formation, the injection
period was shorter. While high-temperature steam contributed to the production, the shorter
injection period decreased the production. Consequently, the resulting production profile
was in good agreement with the actual production profile. During initial production, before
CSI was implemented, cumulative production profiles were on top of each other, as expected.

Outputs

Target

Prediction

Error by %

Steam Quality

0.98

0.82

15.71

Steam Temperature, °F

467.09

616.32

31.95

Steam Injection Rate, bbl/day

683.00

944.23

38.25

Injection Time, days

20.00

14.94

25.31

Soaking Time, days

20.00

25.50

27.52

Mean Error =

27.75

Table 5.11: Error Distribution of the Worst Case - Inverse ANN 1 Model
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Figure 5.18: Comparison of the Cumulative Oil Production Resulting from ANN Prediction with the Target
Cumulative Oil Production for the Worst Case - Inverse ANN 1 Model

Table 5.12 shows the targets, predictions and related errors of outputs for the best case. For
all output parameters except steam temperature, the errors were below 1 %. The steam
temperature error was 6.27%. The mean error of all parameters was as low as 1.82%. The
errors are reasonable; as a result, cumulative oil production curves were in good agreement
(Figure 5.19). The error in cumulative production at the end of project was 0.86%. Likewise,
in the worst case the errors for the output parameters tended to compensate each other.
While steam temperature was predicted lower, the steam injection rate was predicted higher.
By looking at the best and the worst case, we can reasonably conclude that there is no unique
solution. Although the errors were higher in the worst case, that case ended up with lower
cumulative production errors than the best case.
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Outputs

Target

Prediction

Error by %

Steam Quality

0.90

0.90

0.59

Steam Temperature, °F

603.57

565.75

6.27

Steam Injection Rate, bbl/day

1661

1673.51

0.75

Injection Time, days

25

25.23

0.91

Soaking Time, days

12

12.07

0.56

Mean Error =

1.82

Table 5.12: Error Distribution of Best Case - Inverse ANN 1 Model

Figure 5.19: Comparison of the Cumulative Oil Production Resulting from ANN Prediction with the Target
Cumulative Oil Production for the Best Case – Inverse ANN 1 Model
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Table 5.13 presents the target, prediction and error data for the average case. Errors were in
the range of 5.75 to 15.75%. Unlike the worst case errors, the errors for the average case did
not compensate each other. Steam quality, steam temperature, and steam injection rates
were predicted to be lower. Though the injection time was predicted higher, its error was
6.31%, which was not able to compensate. The cumulative effect of those three parameters
provided the average case with a 6.81% cumulative oil production error (Figure 5.20).

After investigating these cases, we came to understand that not only the magnitude of the
error but also how that error effects production is important.

Outputs

Target

Prediction

Error by %

Steam Quality

0.90

0.80

10.49

Steam Temperature, °F

676.88

637.97

5.75

Steam Injection Rate, bbl/day

1133

954.58

15.75

Injection Time, days

29

30.83

6.31

Soaking Time, days

13

11.47

11.78

Mean Error =

10.02

Table 5.13: Error Distribution of Average Case – Inverse ANN 1 Model
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Figure 5.20: Comparison of the Cumulative Oil Production Resulting from ANN Prediction with the Target
Cumulative Oil Production for the Average Case – Inverse ANN 1 Model

Although there is no unique solution for CSS, if necessary, unique solution can be obtained
with the help of functional links. Adding mathematical combination of output neurons as
functional links would help ANN to predict unique solution. For example, in the inverse model
1, soaking time and injection time was predicted. Adding functional links such as
multiplication of soaking time with injection time would help ANN to predict unique solution.
Because at that time ANN is not going to predict only injection and soaking time alone, but
also is going to try to predict multiplication of them.
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5.3 Inverse ANN 2 Model
The purpose of building this ANN model was to predict specific reservoir parameters: matrix
porosity, matrix permeability, fracture permeability, and fracture spacing. In the field, all
reservoir parameters can be either measured or assumed. However, the possibility of an
incorrect estimation is higher for the specified reservoir parameters. Having an expert system
would allow one to extract those parameters by feeding the system with necessary data.
Using correct reservoir parameters can enhance the reserve estimations and the
effectiveness of EOR implementations. In this network, remaining reservoir parameters (rock
and fluid interaction parameters, oil properties, injection design parameters, and
performance indicators) were selected as input. Table 5.15 summarizes the input and output
parameters.
For preparing the inverse ANN 2 model, 40 functional links were adopted in the input layer.
Of these, 20 reflected the cumulative oil production data for the initial production period. The
rest addressed the cumulative oil production data for the secondary production period. Since
porosity and permeability directly affect production, the addition of cumulative production
data of 20 days in a row as functional links improved the error measurement. Unlike the
inverse ANN 1 model data, the production data derived from the initial and secondary
recoveries in the inverse ANN 2 model is related to the output of the network.
Distribution

Number of Samples

Training

84 %

1200

Validation

8%

114

Testing

8%

114
Total of 1428

Table 5.14: Division of Data Set – Inverse ANN 2 Model
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Table 5.15: Input and Output Components - Inverse ANN 2 Model
Thickness of Reservoir
Initial Reservoir Temperature
Initial Oil Saturation

Reservoir Properties

Initial Pressure
Depth
Fracture Porosity
Connate Water Saturation

Rock and Fluid Interaction

Residual Oil Saturation
Critical Gas Saturation

Parameters

INPUT (81)

Gas Rel. Permeability at Con. Oil Sat.
API Gravity

Oil Properties

Avisc
Bvisc
Steam Quality
Steam Temperature

Injection Design Parameters

Steam Injection Rate
Injection Time
Soaking Time

Performance Indicators

Cumulative Oil Production(18)
Viscosity Contours (5)
Cumulative Flow Rate During the
Initial Production(20)

Functional Links

Cumulative Flow Rate During the

Matrix Permeability

(4)

OUTPUT

Secondary Production(20)

Reservoir Characteristics

Matrix Porosity
Fracture Permeability
Fracture Spacing
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Different ANN architectures were tested to reach the acceptable error percentage
specification of 10%. The minimum number of neurons tried was 20; the maximum was 100.
Ultimately a network with four hidden layers was selected (Figure 5.21). The tansig transfer
function was adopted for the hidden layers, and purelin was used for the output layer. The
average error of 400 shuffles was calculated (Table 5.16).

Outputs

Average Error, %

Minimum Error, %

Maximum Error, %

Matrix Porosity

9.32

5.46

13.74

Matrix Permeability

46.42

36.00

57.77

Fracture Permeability

12.74

7.99

20.38

Fracture Spacing

10.67

6.87

16.36

Table 5.16: Average Errors – Inverse ANN 2 Model

While the average errors for matrix porosity, fracture permeability, and fracture spacing were
reasonable, the average error for matrix permeability was high. The matrix permeability
range was 40-200 md. After analyzing this factor’s error distribution by dividing it into 20 md
intervals, it became evident that the errors were not evenly distributed in each range. When
the target was either low or high, the inverse ANN 2 model was not able to predict accurately.
However, when the target was around 100-140 md, the model was able to predict it
extremely well. Error distribution according to the range of matrix permeability is provided in
Table 5.17.
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Figure 5.21: Topology – Inverse ANN 2 Model
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We recognized that the sensitivity of the model to matrix permeability was not uniformly
distributed. When the target matrix permeability is around 120 md, the sensitivity of the
network is high and accurate predictions can be made. However, when matrix permeability
is either low or high, the sensitivity of the network to matrix permeability is low and
predictions are not accurate.

Range of Matrix
Permeability, md

Average Error, %

60 > Mat. Perm. > 40

136.86

80 > Mat. Perm. > 60

57.46

100 > Mat. Perm. > 80

30.46

120 > Mat. Perm. > 100

9.95

140 > Mat. Perm. > 120

13.60

160 > Mat. Perm. > 140

23.24

180 > Mat. Perm. > 160

30.59

200 > Mat. Perm. > 180

35.90

Table 5.17: Error Distribution of Matrix Permeability for Various Ranges

Figures 5.22 to Figure 5.25 show a comparison of numerical simulator and ANN results. In all,
100 testing cases were used for each figure. The average error for the 100 testing cases is
provided at the top of each figure.
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Figure 5.22: Comparison of Matrix Porosity for Numerical Simulator and ANN

Figure 5.23: Comparison of Matrix Permeability for Numerical Simulator and ANN
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Figure 5.24: Comparison of Fracture Permeability for Numerical Simulator and ANN

Figure 5.25: Comparison of Fracture Spacing for Numerical Simulator and ANN
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Low errors are desirable, but for better understanding, their effect on resulting production
profiles should be compared with actual production profiles. For this purpose, three cases
exhibiting the highest (worst case), lowest (best case), and medium (average case) errors
were selected for comparison of ANN and CMG results.

In the worst case, matrix permeability had the highest error at 208.90%. As previously noted,
production was not sensitive to either low or high matrix permeability values. In this case, the
target matrix permeability was 42.06 md, which was low, and the ANN predicted it as 129.92
md. The mean error was 63.07%. However, the resulting cumulative production profiles
(Figure 5.26) show no significant difference, indicating an error of only 5.28%. One reason for
this low cumulative production error was that some of the competing parameters
compensated each other. While matrix porosity and fracture permeability were predicted
lower, fracture spacing and matrix permeability were predicted higher than the actual
conditions.

The resulting cumulative production errors at the end of the inverse ANN 2 model testing are
provided at the top of Figures 5.26, 5.27, and 5.28.

Outputs

Target

Prediction

Error by %

Matrix Porosity

0.21

0.20

5.73

Matrix Permeability, md

42.06

129.92

208.90

Fracture Permeability, md

250.95

183.35

26.94

Fracture Spacing, ft

51.16

56.64

10.72

Mean Error =

63.07

Table 5.18: Error Distribution of Worst Case – Inverse ANN 2 Model
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Figure 5.26: Comparison of the Cumulative Oil Production Resulting from ANN Prediction with the Target
Cumulative Oil Production for the Worst Case – Inverse ANN 2 Model

A similar analysis was completed for the best case. The mean error of the four parameters
was 2.94%. In addition, the resulting production error at the end of the analysis was 2.49%.

Outputs

Target

Prediction

Error by %

Matrix Porosity

0.19

0.20

3.14

Matrix Permeability, md

133.75

136.44

2.01

Fracture Permeability, md

353.22

367.44

4.03

Fracture Spacing, ft

29.54

30.30

2.57

Mean Error =

2.94

Table 5.19: Error Distribution of Best Case – Inverse ANN 2 Model
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Figure 5.27: Comparison of the Cumulative Oil Production Resulting from ANN Prediction with the Target
Cumulative Oil Production for the Best Case – Inverse ANN 2 Model

Outputs

Target

Prediction

Error by %

Matrix Porosity

0.26

0.29

13.44

Matrix Permeability, md

91.26

119.36

30.79

Fracture Permeability, md

339.30

377.16

11.16

Fracture Spacing, ft

17.30

17.89

3.41

Mean Error =

14.70

Table 5.20: Error Distribution of Average Case – Inverse ANN 2 Model
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Figure 5.28: Comparison of the Cumulative Oil Production Resulting from ANN Prediction with the Target
Cumulative Oil Production for the Average Case – Inverse ANN 2 Model

In the average case, the mean error was 14.70%. However, the resulting cumulative
production error at the end of project was the highest of the three cases. While examining
the parameter errors, we observed that all four parameters (matrix porosity, matrix
permeability, fracture permeability, and fracture spacing) were predicted higher than the
actual values. The parameters are directly proportional to production; the resulting error was
9.48%.
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CHAPTER 6
Graphical User Interface
After the successful completion of the three ANN models, a GUI was developed for each. GUIs
are user-friendly tools that can be used without an in-depth knowledge of programming
languages. In this work three GUIs using MATLAB 2016b have been developed.

To prepare a forward looking ANN model, the user should enter reservoir properties, rock
and fluid interaction parameters, oil properties, and injection design parameters in order to
determine cumulative productions and viscosity contours. A two plot system should be
implemented for cumulative productions. This will give the user a chance to compare the
cumulative production results of multiple cases by plotting them on the same plot. It is an
effective tool for observing the effect of any input parameters on cumulative oil production.

Figures 6.1 and 6.2 show the initial screen and the results screen, respectively, for the forward
looking ANN model. Figures 6.3 and 6.4 show the initial screen and the results screen for the
inverse ANN 1 model. Figures 6.5 and 6.6 show the initial screen and the results screen for
the inverse ANN 2 model.
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Figure 6.1: GUI - Forward ANN Model – Initial Screen
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Figure 6.2: GUI - Forward ANN Model – Results Screen
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Figure 6.3: GUI - Inverse ANN 1 Model – Initial Screen
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Figure 6.4: GUI - Inverse ANN 1 Model – Results Screen
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Figure 6.5: GUI - Inverse ANN 2 Model – Initial Screen
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Figure 6.6: GUI - Inverse ANN 2 Model - Results Screen
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CHAPTER 7
Summary, Conclusions and
Recommendations for Future Work

CSI is a widely used thermal EOR method for improving production in heavy oil reservoirs.
Natural fractures ease the transfer of steam into the formation The application of hightemperature steam greatly decreases fluid viscosity and, as a result, production is enhanced.
High-temperature stimulated zone is created during the injection and soaking periods. This
zone was defined as the zone in which 20, 30, 40, 50% viscosity contours were located. Having
larger stimulated front zone ended up with higher increment in production. In this research,
CMG-STARS was adopted for thermal simulations. MATLAB was adopted for developing
expert systems.

The first ANN model, the forward model, was developed for predicting performance
indicators and viscosity contours for specified reservoir properties, rock and fluid interaction
parameters, oil properties, and injection design parameters. This expert system is able to
predict both initial production and secondary production profiles.

The second ANN model, the inverse ANN 1 model, was developed for predicting injection
design parameters: steam quality, steam temperature, steam injection rate, injection time,
and soaking time. For a given set of field data, this expert system is able to predict the
necessary injection design parameters for desired production.
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The third ANN model, the inverse ANN 2 model, was developed for predicting important
reservoir parameters: matrix porosity, matrix permeability, fracture permeability, and
fracture spacing. This model is useful for history matching. Production history and field data
are used to predict some of the reservoir parameters.

The acceptable error tolerance was set at 10% for all three models. Errors were within or
around the acceptable error tolerance, except for the matrix permeability factor of the
inverse ANN 2 model. It was observed that when the target matrix permeability is lower than
120 md, the prediction generates a high error level. However, when the predicted reservoir
parameters were used for simulation, there were no significant differences between the
resulting production profiles and the actual production profiles.

It is understood that there is no unique solution for CSS. Different steam designs may end up
with production profiles. We have seen example cases for this situation. More close
predictions may be done by adding functional links (which were discussed in subsection 5.2).

To conclude the research, a GUI for each model was developed to provide ease for the user.
Rather than using complex, time consuming commercial simulators, a user can obtain results
visually within seconds using the proposed GUI.

It is understood that fracture spacing plays a key role in designating the location of the created
heat chamber around the wellbore. Accordingly, fracture spacing has an impact on locating
viscosity contours.
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Predicting pseudo distances was a challenge for the forward ANN. The neural network failed
to predict pseudo distances. Because pseudo distance output were not consist of real data,
they were used to create same size of output data for ANN. However, physically, the
difference between the target and prediction did not make much difference. It is proved by
comparing cumulative production profiles. Even though errors were high when predicting
with pseudo distance, production errors were not parallel to them.

This study can be further improved by implementing the following recommendations:


The study can be expanded for a longer spectrum of input parameters. It should be
noted that grid sensitivity analysis should be repeated for enlarged input ranges.



Different viscosity contours can be analyzed in higher resolution. In this study we have
studied 5 of the viscosity contours. More number of viscosity contours can be selected
as output parameters to have a higher resolution.



The study can be expanded to incorporate a varying number of cycles. In this study,
the number of cycles has been selected as one. Increment in recovery was analyzed
based on a single cycle.
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APPENDIX A
This appendix includes parameter distribution for the cases used in training, validation, and
testing. Good distribution is necessary for successful ANN training.

Figure A.1: Depth Distribution

Figure A.2: Initial Pressure Distribution
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Figure A.3: Initial Temperature Distribution

Figure A.4: Initial Water Saturation Distribution
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Figure A.5: Thickness Distribution

Figure A.6: Matrix Porosity Distribution

91

Figure A.7: Fracture Porosity Distribution

Figure A.8: Matrix Permeability Distribution
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Figure A.9: Fracture Permeability Distribution

Figure A.10: Fracture Spacing Distribution
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Figure A.11: Steam Quality Distribution

Figure A.12: Steam Temperature Distribution
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Figure A.13: Steam Injection Rate Distribution

Figure A.14: Injection Time Distribution

95

Figure A.15: Soaking Time Distribution

Figure A.16: Swcon Distribution
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Figure A.17: Sorg Distribution

Figure A.18: Sgcrit Distribution
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Figure A.19: Krgcl Distribution

Figure A.20: Avisc Distribution
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Figure A.21: Bvisc Distribution

Figure A.22: API Gravity Distribution
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APPENDIX B
This appendix includes the MATLAB script used for training forward ANN model. After
training, for comparison purposes, it plots the cumulative production profiles for the best,
worst, and average case.

%%%%%%%%%%%%%%%%%%%%%%%%% Forward ANN Model %%%%%%%%%%%%%%%%%%%%%%%%%
%
%
% This code trains the network
%
% and selects the Best, Worst and Average Case.
%
% Then, it plots the cumulative production profiles for comparison
%
% purposes with the data extracted from CMG and predicted by ANN
%
%
%
%
developed by Ahmet Ersahin, 2016
%
%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%%
tic
clear
clc
format long
load input_forward_ANN_model.txt
load output_forward_ANN_model.txt
load cum_oil_cmg.txt; % cumulative oil production data from cmg is needed
% to compare predicted data points with actual data
input = input_forward_ANN_model;
output = output_forward_ANN_model;
P = input';
T =output';
%Normalizing
[Pn,ps] = mapminmax(P,0,1); % gives all the values between 0 & 1
[Tn,ts] = mapminmax(T,0,1); % gives all the values between 0 & 1

%Randomly dividing data set for training, validation, and desting
[Pn_train,Pn_val,Pn_test,trainInd,valInd,testInd] = ...
dividerand(Pn,0.8,0.1,0.1);
[Tn_train,Tn_val,Tn_test] = divideind(Tn,trainInd,valInd,testInd);
val.T = Tn_val;
val.P = Pn_val;
test.T = Tn_test;
test.P = Pn_test;
%Number of hidden layer & neurons
NNeu1 = 23;
NNeu2 = 22;
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%Creating the network
net = newff(Pn,Tn,[NNeu1,NNeu2,25],{'logsig','logsig','purelin'}, ...
'trainscg','learngdm','msereg');
%Training parameters
net.performFcn = 'msereg';
net.trainParam.goal = 0.0001; %accuracy within this range
net.trainParam.epochs = 1200; % number of iteration sets
net.trainParam.show = 1;
net.trainParam.showWindow = false;
net.trainParam.max_fail = 10000;
net.efficiency.memoryReduction = 60; %reducing memory requirements
%Starting training of the network
[net,tr] = train(net,Pn_train,Tn_train,[],[],test,val);
Tn_train_ann = sim(net,Pn_train);
Tn_test_ann = sim(net,Pn_test);
%Denormalizing
%Output
T_train = mapminmax('reverse',Tn_train,ts);
T_test = mapminmax('reverse',Tn_test,ts);
T_train_ann = mapminmax('reverse',Tn_train_ann,ts);
T_test_ann = mapminmax('reverse',Tn_test_ann,ts);
%Input
Pn_train = mapminmax('reverse',Pn_train,ps);
Pn_val = mapminmax('reverse',Pn_val,ps);
Pn_test = mapminmax('reverse',Pn_test,ps);
%Calculating testing errors
error_1 = abs((T_test(1,:)-T_test_ann(1,:))./T_test(1,:))*100;
error_2 = abs((T_test(2,:)-T_test_ann(2,:))./T_test(2,:))*100;
error_3 = abs((T_test(3,:)-T_test_ann(3,:))./T_test(3,:))*100;
error_4 = abs((T_test(4,:)-T_test_ann(4,:))./T_test(4,:))*100;
error_5 = abs((T_test(5,:)-T_test_ann(5,:))./T_test(5,:))*100;
error_6 = abs((T_test(6,:)-T_test_ann(6,:))./T_test(6,:))*100;
error_7 = abs((T_test(7,:)-T_test_ann(7,:))./T_test(7,:))*100;
error_8 = abs((T_test(8,:)-T_test_ann(8,:))./T_test(8,:))*100;
error_9 = abs((T_test(9,:)-T_test_ann(9,:))./T_test(9,:))*100;
error_10 = abs((T_test(10,:)-T_test_ann(10,:))./T_test(10,:))*100;
error_11 = abs((T_test(11,:)-T_test_ann(11,:))./T_test(11,:))*100;
error_12 = abs((T_test(12,:)-T_test_ann(12,:))./T_test(12,:))*100;
error_13 = abs((T_test(13,:)-T_test_ann(13,:))./T_test(13,:))*100;
error_14 = abs((T_test(14,:)-T_test_ann(14,:))./T_test(14,:))*100;
error_15 = abs((T_test(15,:)-T_test_ann(15,:))./T_test(15,:))*100;
error_16 = abs((T_test(16,:)-T_test_ann(16,:))./T_test(16,:))*100;
error_17 = abs((T_test(17,:)-T_test_ann(17,:))./T_test(17,:))*100;
error_18 = abs((T_test(18,:)-T_test_ann(18,:))./T_test(18,:))*100;
error_19 = abs((T_test(19,:)-T_test_ann(19,:))./T_test(19,:))*100;
error_20 = abs((T_test(20,:)-T_test_ann(20,:))./T_test(20,:))*100;
error_21 = abs((T_test(21,:)-T_test_ann(21,:))./T_test(21,:))*100;
error_22 = abs((T_test(22,:)-T_test_ann(22,:))./T_test(22,:))*100;
error_23 = abs((T_test(23,:)-T_test_ann(23,:))./T_test(23,:))*100;
error_24 = abs((T_test(24,:)-T_test_ann(24,:))./T_test(24,:))*100;
error_25 = abs((T_test(25,:)-T_test_ann(25,:))./T_test(25,:))*100;
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T_test = round(T_test,4);
output = round(output,4);
%%%%% Determination of BEST & WORST & AVERAGE case based on
%%%%% average cumulative production and time errors
error_cum=mean(abs((T_test(1:18,:))-(T_test_ann(1:18,:)))./ ...
(T_test(1:18,:))*100);
error_days= mean(abs(((T_test(24:25,:))-(T_test_ann(24:25,:)))./ ...
(T_test(24:25,:)))*100);
error_all = (error_cum*18 + error_days*2)/20;
mine=min(error_all); %minimum error out of all testing cases
maxe=max(error_all); %maximum error
error_all2=sort(error_all');
median = error_all2(round(length(error_all2)/2)); %Median Error
%Loops below are to find the cases which have min,max,median error
for tt=1:length(error_all);
if error_all(1,tt)==mine;
rr1=tt; %case which has the minimum error in the testing data set
break;
end
end
for tt=1:length(error_all);
if error_all(1,tt)==maxe;
rr2=tt; %case which has the maximum error in the testing data set
break;
end
end
for tt=1:length(error_all);
if error_all(1,tt)==median;
rr3=tt; %case which has the median error in the testing data set
break;
end
end
% Loops below are to determine case numbers of the selected
% three cases above in the output data set
for qq=1:length(input)
if output(qq,23)==T_test(23,rr1);
xx1=qq; % for minimum error
break;
end
end
for qq=1:length(input)
if output(qq,23)==T_test(23,rr2);
xx2=qq; % for maximum error
break;
end
end
for qq=1:length(input)
if output(qq,23)==T_test(23,rr3);
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xx3=qq; %for median error
break;
end
end
load cum_oil_cmg.txt; % cum. production data is extracted for comparison
% The loops below figure out at what point project ends
% by finding out when increment in cumulative production stops
% they are needed in plotting cumulative production for comparison
% purposes
for ww=781:-1:2;
if cum_oil_cmg(xx1,ww)~=cum_oil_cmg(xx1,ww-1);
yy1=ww;
break;
end
end
for ww=781:-1:2;
if cum_oil_cmg(xx2,ww)~=cum_oil_cmg(xx2,ww-1);
yy2=ww;
break;
end
end
for ww=781:-1:2;
if cum_oil_cmg(xx3,ww)~=cum_oil_cmg(xx3,ww-1);
yy3=ww;
break;
end
end

% The codes below plot the cumulative production of the three cases from
% the beginning to the end of the project.
% Moreover, predicted cumulative production data points
% are scattered against the predicted time data
%%%%%%%%%%%% best case %%%%%%%%%%%%
figure(1)
times1=1:1:yy1;
plot(times1,cum_oil_cmg(xx1,1:yy1),'LineWidth',2);
hold on
a1=(T_test_ann(25,rr1)-T_test_ann(24,rr1))/9;
d1=T_test_ann(24,rr1)-(input(xx1,16)+input(xx1,17));
c1=(d1)/9;
time1=T_test_ann(24,rr1);
time_ann1=[ c1 2*c1 3*c1 4*c1 5*c1 6*c1 7*c1 8*c1 9*c1 time1...
time1+a1 time1+a1*2 time1+a1*3 time1+a1*4 time1+a1*5 time1+...
a1*6 time1+a1*7 time1+a1*8 time1) + a1*9 ];
cum1=[T_test_ann(1:9,rr1); T_test_ann(9:18,rr1)]; cum1=cum1';
scatter([time_ann1(1:9) time_ann1(11:19)],[cum1(1:9) cum1(11:19)],'Filled')
title('Best Case ');
xlabel('Days');
ylabel('Cumulative Oil Production, bbl');
legend('CMG STARS','ANN','Location','SouthEast')
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%%%%%%%%%%% worst case %%%%%%%%%%%%
figure(2)
times2=1:1:yy2;
plot(times2,cum_oil_cmg(xx2,1:yy2),'LineWidth',2);
hold on
a2=(T_test_ann(25,rr2)-T_test_ann(24,rr2))/9;
d2=T_test_ann(24,rr2)-(input(xx2,16)+input(xx2,17));
c2=(d2)/9;
time2=T_test_ann(24,rr2);
time_ann2=[c2 2*c2 3*c2 4*c2 5*c2 6*c2 7*c2 8*c2 9*c2 time2...
time2+a2 time2+a2*2 time2 + a2*3 time2+a2*4 time2+a2*5 ...
time2+a2*6 time2+a2*7 time2+a2*8 time2+a2*9 ];
cum2=[T_test_ann(1:9,rr2); T_test_ann(9:18,rr2)]; cum2=cum2';
scatter([time_ann2(1:9) time_ann2(11:19)],[cum2(1:9) cum2(11:19)],'Filled')
title('Worst Case');
ylabel('Cumulative Oil Production, bbl');
legend('CMG STARS','ANN','Location','SouthEast')

%%%%%%%%%% average case %%%%%%%%%%%%
figure(3)
times3=1:1:yy3;
plot(times3,cum_oil_cmg(xx3,1:yy3),'LineWidth',2);
hold on
a3=(T_test_ann(25,rr3)-T_test_ann(24,rr3))/9;
d3=T_test_ann(24,rr3)-(input(xx3,16)+input(xx3,17));
c3=(d3)/9;
time3=T_test_ann(24,rr3);
time_ann3=[ c3 2*c3 3*c3 4*c3 5*c3 6*c3 7*c3 8*c3 9*c3 time3 time3+a3 ...
time3+a3*2 time3+a3*3 time3+a3*4 time3+a3*5 time3+a3*6 ...
time3+a3*7 time3+a3*8 time3+a3*9 ];
cum3=[T_test_ann(1:9,rr3); T_test_ann(9:18,rr3)]; cum3=cum3';
scatter([time_ann3(1:9) time_ann3(11:19)],[cum3(1:9) cum3(11:19)],'Filled')
title('Average Case');
xlabel('Days');
ylabel('Cumulative Oil Production, bbl');
legend('CMG STARS','ANN','Location','SouthEast')
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