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ABSTRACT
Advanced well structures have continued to see an increase in use and
field application, particularly for unconventional reservoirs. Advances in such
fields as geo-steering, directional drilling, and measurement while drilling, have
enabled the possibility of constructing wells with different kinds of configuration
and extended reach. These wells are constructed to increase contact with the
reservoir, thus enhancing productivity whilst reducing surface footprint by the
ability to access isolated productive zones. The complexity of these well
structures makes it an arduous task to develop analytical models to predict
performance. Traditional methods for well performance analyses barely capture
the complex interactions between these well structures and the reservoir.
In this study, artificial expert systems using artificial neural networks are
designed and developed for various tasks involving advanced well structures in
unconventional multi-phase reservoirs. Artificial expert systems have the ability
to learn information that exists between a pair of input and output without
necessarily being encumbered by the need for knowledge of the physics of the
relationship between the pair. These systems establish functional correlations
betwen the input and output of any system that can subsequently be used to
estimate the response of the system, given a new input.
Three sets of artificial expert systems have been developed in this study
that reflect the conventional needs of the industry. The Production Performance
Expert System (PPEx) is developed to predict the performance of advanced well
structures in tight oil reservoirs given that some knowledge of the reservoir
properties is available. The Well Design Expert System (WDEx) is developed to
predict a possible advanced well structure that can meet a desired production
target given that some knowledge of the reservoir properties is available. This can
be seen as working in the inverse direction of the PPEx system. The WDEx
system is particularly useful in the field development planning stage of any
project. The History Matching Expert System (HMEx) is developed to predict
possible values of reservoir properties given an advanced well structure and its
iii

production profiles. This can also be seen as working in the inverse direction of
the PPEx system. The HMEx system is important for better characterization of the
reservoir.
These three sets of expert systems are ultimately combined in such a
fashion that makes each one complementary to the other. Once combined, this
tool becomes a useful and relatively inexpensive means for quick and efficient
analyses of advanced well structures available to the reservoir engineer. The
developed models show good performances as seen in results of various tests
applied. Generalization test results for the PPEx systems show average prediction
error of 8%. Similar results are obtained for other expert systems. These results
lend credence to the application of artificial intelligence for such complex
wellbore and reservoir systems.
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Chapter 1

INTRODUCTION
The world continues to experience an increase in energy demands. So far,
much of the demand has been, and will continue to be, met by fossil fuels
(gasoline, gas, and coal primarily). The conventional sources of these fuels have
been extensively exploited over the years. However, these conventional resources
have been found to be inadequate in meeting up with the perpetually increasing
energy demands.

Therefore there has been a paradigm shift by the energy

industry into exploring and exploiting unconventional resources. For oil and gas,
these unconventional resources abound across the world, and they contain
hydrocarbons locked up in their reservoirs. Figure 1-1 below gives an indication
of the amount of resources that exists both in conventional and in unconventional
systems [Holditch, 2006].

Figure 1-1: Oil and Gas Resource Triangle
An unconventional reservoir is one with intrinsic properties that make it
challenging and difficult to exploit [Figure 1-2]. Such properties may include
very low flow capacities (permeability), low storage capacities (porosity),
-1-

existence of multiple flow passages (for reservoirs with fractures, dualpermeability reservoirs), existence of multiple storage sites (for reservoirs with
adsorption for example, dual-porosity reservoirs), or the existence of both (dualpermeability, dual-porosity reservoirs). Other possible sources of difficulty may
stem from the fluid contained within the pores of the reservoir rock such as very
heavy oil reservoirs, etc. As can be seen from Figure 1-1 above, with increasing
unconventionality comes increasing cost, and the need for improved technology.
Therefore efficient and effective exploiting of these reservoirs requires added
planning and studies to find suitable techniques that can get the task done with
minimal cost.

Figure 1-2: Comparison of Conventional Reservoirs with Unconventional
Reservoirs [Heffernan, 2012]
As earlier indicated, a lot of effort has been directed towards effectively
exploiting these unconventional resources.

The daily production from these

resources continue to increase with improving technology and better planning.
The Energy Information Administration (EIA) reports show an 84% increase in
daily production from tight oils alone from year 2000 to 2013, as can be seen in
Fgure 1-3.

This is an impressive feat by the industry, and with a continued

effort, daily production is expected to rise.
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Figure 1-3: U.S. Daily Production From Tight Oil Plays (EIA website)

Some of the current production techniques that are used for exploiting
unconventional reservoirs include multi-stage hydraulic fracturing which creates
fractures within the rocks to increase effective permeability and hence production
(very effective in shale systems ), oil rock mining where rocks containing oil
reserves are mined and subsequently taken to surface facilities for further
extraction (particularly used for oil shales), horizontal wells, and multi-lateral
wells.

A variety of multi-lateral wells exists including dual laterals, vertical

multi-laterals with laterals running off a vertical mainbore, and horizontal multilaterals with laterals running off a horizontal mainbore.
Horizontal multi-laterals have been pushed a lot further to create advanced
well structures. These well structures offer extended reach into the reservoirs.
They contain two or more laterals, sometimes with laterals running off other
laterals.

In this way, the surface contact with the reservoir is significantly

improved, thus improving production.

Figure 1-4 shows a schematic of an

advanced well structure.
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Figure 1-4: Advanced Well Structure (Aramco Expat Website)

Such a complex well system as shown in the figure above requires extra
planning and analysis to obtain the best well architecture in the face of added
challenges such as interference between laterals, number of laterals and length of
each, etc. Very little has been done with respect to understanding how these
advanced well structures behave particularly in unconventional reservoirs.
This research focuses on the evaluation of advanced well structures in
unconventional reservoirs. It applies artificial intelligence, neural networks to be
specific, to develop expert systems that can predict the performance of these
complex well architectures in tight oil systems. Performance of the advanced
well structure is measured by cumulative production of oil, gas, and water, and
bottom hole pressure profile under certain conditions. Field development tools
are also developed via expert systems that act in a predictive mode to give
possible designs of advanced well structures that can meet desired target
production. Similarly, predictive tools are developed to give an indication of
reservoir properties given an advanced well structure and cumulative production
profiles from it. All these tools will be combined onto a single framework that
can be an invaluable tool to the reservoir engineer or production engineer for
-4-

quick and effective decision making in oil and gas project planning and
implementation.

1.1

OUTLINE OF STUDY
This study consists of 9 chapters. Chapter 1 describes an introduction to

the study and the motivation for this work.
Chapter 2 presents an extensive literatures review of artificial neural
networks and its application to various challenges in the oil and gas industry.
Chapter 3 presents a statement of the problem, and its relevance to the oil
and gas industry.
Chapter 4 presents the methodology utilized for this research effort. It
explains sources of data, correlations used for specific reservoir properties in
generating data samples.

It also explains the type of advanced well structure

utilized in this study, and the different variables taken into account. The method
of network training, and evaluation techniques for each developed expert system
are also discussed extensively in this chapter.
Chapter 5 gives detailed information about the Production Prediction
Expert Systems (PPEx) developed, including network structures and how they
fare in the face of network evaluation. Results from each evaluation process on
the expert systems are presented with sample plots and figures of predictions
made. This chapter also explains observations made on each developed expert
system. Similarly, Chapter 6 discusses the Well Design Expert Systems (WDEx)
developed and results from network evaluation. Chapter 7 also discusses the
History Matching Expert Systems (HMEx) developed in great details.
Chapter 8 ties the developed expert systems together in an integrated
fashion and shows results from the application of the expert systems to oil and gas
challenges in the form of case studies. This chapter also describes the graphical
user interface (GUI) developed for ease of use of the expert systems.
-5-

Chapter 9 gives a summary and conclusions drawn from this research
study, and provides recommendations for possible future work.
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Chapter 2
REVIEW OF LITERATURE

2.1

INTRODUCTION
Advanced well structures (or maximum reservoir contact wellls) have seen

increased field application over the years. It has been reported that over 700 of
these well structures have been drilled in Saskatchewan, Canada [Joshi, 2000],
and more continue to be drilled. In the Shaybah fields of Saudi Arabia, many of
these well structures have been utilized for producing from the very prolific
reservoirs. These well systems are particularly useful in producing from thin
formations, formations with isolated pockets of producing zones, and
unconventional reservoirs. The surface footprint of drilling operations is reduced
also because the reservoir can be accessed by multiple laterals all drilled from one
well pad. This adds to the baseline on the economic viability of oil and gas
projects.

2.2

ADVANCED WELL STRUCTURES
Advanced well structures compare favorably with other well design

options. Close comparison in net present value have been shown from
development plans using these complex well architectures and hydraulic fractures
[Yu et al., 2009]. Comparing advanced well structures with single lateral wells, it
was reported that they yield higher recovery factors because of the extra leverage
gained from the ability to produce from multiple targets, thus sustaining the
declining rates and keeping the well economic for a longer period [Stalder et al.,
2001].
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These complex well architectures can contain many laterals, each with its
own length. Laterals can be in different directions, and at different angles from
the main bore. They increase surface contact with the reservoir and thus are able
to improve production, comparing favorably with other forms of production
techniques for unconventional reservoirs.
However, as a field development tool, several factors have to be
considered. Factors related to well design and placement are important because
they determine the cost-effectiveness of a project. Such parameters include the
optimum well and lateral length, number of laterals, lateral spacing, and location
of the horizontal main bore. Traditional methods of analysis are inadequate to
properly describe and capture many of the non-linear relationships between these
variables, even more so for unconventional reservoirs with their unique
challenges. Therefore alternative or complementary methods are needed.

2.3

ARTIFICIAL INTELLIGENCE
Artificial intelligence refers to the ability of machines or softwares to

perform tasks that man would have had to do. In many cases, this ability is
developed by being exposed to pairs of inputs and outputs, and thus learning the
functional relationship between both.

Using mathematical algorithms and

models, machines can be made to perform virtually any task. The facility this
ability offers to man is even more so apparent in today’s world of huge amounts
of data. Artificial intelligence offers a very convenient and effective way to deal
with and process extensive data and the information inherent in it. Also, artificial
intelligence lends itself to problems for which a definite analytical or numerical
solution has not been identified.
Several branches of artificial intelligence exist, including those that stem
from inference, pattern recognition, common sense knowledge and reasoning, and
learning from experience (McCarthy, 2007).

Learning from experience, also

known as machine learning, refers to the process whereby machines or computers
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are made to take actions appropriate for a certain condition by a series of
modifications dictated by the correctness or wrongness of the actions they have
taken in the past (Marsland, 2015).

Different types of machine learning

processes exist that depend on the feedback process. In supervised learning, the
computer or mathematical model is presented with a pair of inputs (features) and
outputs (responses) that represent the true behavior of the physical system under
study. The computer or mathematical model corrects itself by estimating its
accuracy of the action it takes with different features and their corresponding true
responses. In unsupervised learning, the true responses of the physical system are
not presented to the algorithm. However, an attempt is made to strike similarities
between features and consequently create clusters or categories of features.
Another form of machine learning is reinforcement learning. In this case,
feedback to the mathematical model or algorithm occurs only when its actions are
wrong, and it is forced to correct itself. This form of machine learning resides
between supervised learning and unsupervised learning.

Supervised learning

forms the backbone for this research effort.
Generally, the machine learning process involves six basic steps. This
includes data collection and preparation, feature selection, algorithm or
mathematical model selection, model parameters selection, the training process,
and the evaluation process (Marsland, 2015). The data collection and preparation
phase is a very crucial aspect of machine learning. Most artificial intelligent
models are typically problem specific and have not been made as general as
possible. Therefore, it is imperative that the data to be used for the learning
process is trustworthy and adequately represents the physical system under study.
Since its inception, artificial intelligence has been applied to solving a
myriad of challenges. Some common challenges include game playing, speech
and handwriting recognition, heuristic classification, development of expert
systems which involves imparting extensive knowledge from a certain domain
into a computer model with the expectation that it can make accurate decisions
when presented with an entirely new set of conditions that fall within the limits of
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its training data (McCarthy, 2007). The effectiveness of expert systems is heavily
dependent on the knowledge imparted on it, which can only come from someone
who is an expert in that same domain.

2.3.1

Artificial Neural Networks
Artificial neural networks operate on a framework that mimics the

behavior and functions of a biological neuron. The biological neuron is known to
store information and is able to make connections with other neurons in a bid to
effect an action or decision. The biological neuron consists of the dendrite, the
axon, and the cell body (Figure 2-1). The dendrites receive information and
transmit them into the cell body, while the axon establishes connections with
other neurons and relays information from its own cell body.

Figure 2-1: Description of the Biological Neuron (clipart.com)
A typical artificial neural network consist of one or more neurons in one
or more layers, transfer functions, learning function, and weights and bias. The
network also has a set of inputs (features) and outputs (response), depending on
the form of learning involved (supervised or unsupervised).

In a classical

supervised learning setup, there is an input layer, the size of which is determined
by the number of input variables, and an output layer whose size is determined by
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the number of variables to be predicted (Figure 2-2). The ability to relate input
data to output data is constrained and determined by a set of weights that is
attached to each input vector.

These weights represent the information

transferred to each neuron and correspond to the strength of the connection
between biological neurons. The bias is a weight associated with each node.

Figure 2-2: A Single Neuron Neural Network Setup
(http://en.wikibooks.org/wiki/Artificial_Neural_Networks/)

The decision on the number of neurons to place in a hidden layer is
typically determined in a heuristic way. Some rules of thumb exist.

One such

rule of thumb is that the size of the hidden layer should be in between those of the
input layer and the output layer. Similarly, it has been suggested that the number
of weights in the neural network, which is determined in parts by the number of
neurons to which the inputs are fed, should not surpass the number of input-output
pairs during training (Silvert and Baptist, 1998). In other instances, the signal-tonoise ratio has been utilized as a criterion in determining the optimum number of
hidden neurons (Liu et al, nd).
The transfer function (sometimes called the activation function)
determines the output from each neuron. It is specified for each neuron and
establishes a criterion that determines what output a neuron gives. Figure 2-3
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shows a single input/single neuron network and the relationship between input
and output via the transfer function.

Figure 2-3: Single Input/Single Neuron Network (Demuth, nd)
There are numerous types of transfer functions. Table 2-1 lists some examples.
Table 2-1: Types of Transfer Functions (Hagan et al, 1996)
Name

Input/Output Relation

Hard Limit

a = 0; n < 0
a = 1; n ≥ 0

Linear

a=n

Log-Sigmoid

a = 1 / (1 + e –n)

Hyperbolic Tangent

a = ( en – e–n ) / (en + e–n )

Sigmoid
Positive Linear

a = 0; n < 0
a = n; 0 ≤ n

In an iterative manner, the weights and bias are adjusted for each input vector by
comparing the response of the neural network with the true response expected.
For this purpose, a learning function or learning rule, and an error function or
performance function are defined. The error function is typically defined by the
mean square error. The learning rule determines how the weights and bias are
adjusted. A typical algorithm for doing this is called the gradient descent with
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momentum weight and bias learning function. This function is described by
Equation 2.1 below.
dW = mc * dWprev + (1 – mc) * Lr * gW

Equation 2.1

In the equation above, dW is the new change in weight, mc is the specified
momentum constant, dWprev is the previous iteration weight change, Lr is the
specified learning rate, and gW is the gradient with respect to performance
(Mathworks, 2011).

Determining the gradient is achieved by specifying an

algorithm or training function. A typical training function is the scaled conjugate
gradient.
The back propagation algorithm is a steepest descent algorithm and it is a
more advanced technique used to adjust weights and bias that is based on a
performance index defined by the mean square error between the expected
response and the actual response of the neural network. The weight and bias
adjustment involves taking the derivative of the performance index with respect to
the weights, multiplying the derivative by the learning rate, and then subtracting
the product from the values of the weights from the previous iteration (Hagan,
1996). Back propagation is utilized in this research effort.
In general, selection of optimum network parameters such as the transfer
function, learning function, training function, performance function, and the
number of hidden layers and number of neurons in each, is very much dependent
on the type and amount of data used, and is achieved in a heuristic manner. This
selection process takes a major portion of time spent in developing neural
networks.
Similarly, feature selection, extraction, and construction also require a lot
of time and effort. These processes have, in recent years, been together called
feature engineering. With the preponderance of accessible data in today’s world,
deciding what variables make up the feature vector can be a daunting task. For
effective learning, it is important that every feature that is utilized contributes
information and aids in the learning process. Therefore, the selection process is
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very crucial. Some techniques that have been applied for feature selection and
extraction include genetic algorithm, neural networks, vertical compactness of
data, adaptive wavelets, support vector machines, partial least squares regression,
etc (Liu and Motoda (1998); Guyon et al (2006)). In other instances, ranking of
the existing features helps in the decision to get rid of certain features.
Permutation experiment has been utilized in the past for this (Kifer, 2014), and
will be used in this research effort.
A typical machine learning process involves inputs and outputs with nonlinear relationships. The field of oil and gas exploration and production abound
with such non-linear relationships. Many times, it is necessary to transform
existing features, or even construct new features from existing features. This
process is also known as expanding the feature space. The constructed features
are sometimes called functional links because they are aimed at establishing the
functional relationship between a feature and its corresponding response in a
much more simplified form.

This form of feature engineering is utilized

extensively in this research effort.

2.4

APPLICATION OF ARTIFICIAL INTELLIGENCE TO OIL AND
GAS CHALLENGES
A lot of work has been directed towards the use of artificial intelligence

and machine learning techniques.

These soft computing techniques lend

themselves to complex problems for which analytical and numerical solutions
cannot measure up. They can be developed by using existing data, and they help
to circumvent the need for an indepth understanding of the physical system for
which they are developed, which is very important for unconventional resources
with the dearth of knowledge that exists for these systems.
A fuzzy logic-based expert system was developed for use in selecting an
advance well structure for a given field [Garrouch et al., 2003]. Using reservoir
properties such as thickness, heterogeneity, permeability, and fluid properties,
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they generated a screening matrix for candidate selection. Their expert system
was also built to be able to optimize the junction level and completion type for the
selected complex well. Similarly, using shape factors and a versatile simulation
model, a model was developed for attaining the optimum well configuration.
Starting from a simple configuration, they calculate the increased productivity
that is gained from increasing the complexity. Weighing that against the cost of
drilling and well completion, an optimum well configuration is arrived at for a
specific reservoir [Retnanto et al., 1996].
Built on a framework of binary genetic algorithm, a model made of a
combination of acceleration routines and reservoir simulators was combined with
a feed-forward artificial neural network [Yeten et al., 2003]. This model was used
in conjunction with a hill-climbing procedure to optimize a non-conventional well
type, location and trajectory for a specific type of reservoir, and objective function
of either net present value or cumulative production.
Continuous genetic algorithms have also been used in optimization for
advanced well structures. A continuous genetic algorithm was developed to
optimize well design parameters such as well type, number of laterals and
trajectory using a channelized synthetic model [Bukhamsin et al., 2010]. The
objective function for this study was the net present value. Again, the
methodology used employed the help of acceleration techniques such as hill
climbing and rejuvenation. A comparison was also performed between binary
genetic algorithm and continuous genetic algorithm. It was shown that continuous
genetic algorithms perform better in optimizing well design parameters for
complex well systems such as is found in unconventional reservoirs. Their model
was applied to a real field with satisfactory results.
Bittencourt and Horne [Bittencourt, 1997] designed a hybrid genetic
algorithm model that combined genetic algorithm with polytope search methods,
Tabu search, and Fang algorithm. This model was used to optimize well location,
considering rig capacity, reservoir geometry and drive mechanism. Net present
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value was used as the objective function. Application of the model to actual field
problem also showed satisfactory results.
The use of artificial neural networks has seen extensive research in its
application as a veritable tool in field development planning and optimization.
Doraisamy developed a neuro-simulator that combined hard computing of
numerical reservoir simulator and soft computing of artificial neural networks
[Doraisamy, 1998]. This was used to aid in determining the optimum field
development strategy for conventional reservoirs with vertical wells. The artificial
neural network module comprised a feed-forward network with back propagation,
and a recurrent network. These neural networks help to save on expensive
computing time. The study also presented guidelines for assembling and training
the neural network.
Artificial neural networks have also been extensively used in such ways as
selecting well locations for single-phase and multi-phase homogenous and
heterogenous reservoir systems [Gentilmen et al., 1999]; predicting performance
of wells that have undergone treatments against excessive water production
[Ferreira et al., 2012]; predicting well performance for coalbed methane reservoirs
[Srinivasan and Ertekin, 2008]; predicting hydrocarbon occurrence from seismic
attributes using a combination of self-organizing neural network, fuzzy neural
network, and homotopy learning algorithm [Xiangjun et al., 2000]; and
forecasting field scale cumulative production for a multi-phase, tight system with
vertical wells from a combination of seismic attributes, completion data, and well
information [Bansal et al., 2013].
Some other areas that have seen the use of artificial intelligence, and this
is by no means an exhaustive list, include the development of an artificial neural
network to predict the United States natural gas production till year 2020. A
combination of parameters were used to train the network based on historical
data. Such parameters included data from oil and gas exploratory wells, gas
depletion rates, wellhead prices and economic indicators. The number of input
parameters was reduced using sensitivity analysis, and these parameters were also
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forecast using stochastic modeling to time-series analysis [Al-Fattah and
Startzman, 20001].
The design, and performance of vertical multilateral well systems in single
phase gas reservoirs have been predicted using artificial neural network models
[AlMousa and Ertekin, 2013]. The laterals shoot out of a vertical main bore, in
different directions, spacing from each other, and in different angles, and
therefore differ from the type used in this study.
In this research effort, artificial intelligence will be applied to three tasks,
including field development planning, performance prediction, and history
matching, all with advanced well structures in tight oil reservoir systems.
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Chapter 3
STATEMENT OF THE PROBLEM

3.1

INTRODUCTION
The use of advanced well structures is increasingly seen as a veritable

means of efficiently exploiting unconventional reservoirs.

Unconventional

reservoirs pose a unique challenge to oil and gas production and the need for
alternative means of exploiting these reservoir systems is generally understood by
the industry. More so, the dearth of indepth knowledge about the complexities of
unconventional reservoirs and the physics of mechanisms that influence fluid flow
pose challenges to effective and economical production of these reservoir
systems. For performing a comprehensive analysis, there is the need for a plethora
of data that describe these unconventional systems, but which is typically
unavailable for reservoir studies.
Techniques such as horizontal wells, rock mining (for oil shales), multistage hydraulic fracturing are currently in use for exploiting unconventional
reservoirs. Hydraulic fracturing is particularly popular for unconventional
reservoirs because of the huge increases in flow capacity generated by the
introduction of fractures. But this technique has met with a deep feeling of
aversion by the general public and environmental enthusiasts due to the seeming
negative impact that it has on the environment.
Advanced well structures offer an effective alternative to existing
production techniques for unconventional reservoirs.

They increase surface

contact with the reservoir, which increases area accessible to flow, and thus
productivity. The complexity of advanced well structures, however, poses a
challenge to effective field development planning and production forecasting.
Existing techniques for well performance analysis are not readily transferable to
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advanced well structures due to the uniqueness of the well structures. Issues of
interference between laterals and phase angles of laterals, for instance, are
unresolved.
A lot of research effort has been directed towards addressing the issue of
well placement of advanced well structures. Many of the reviewed studies
attempted to optimize the number and location of laterals for a specific field using
the net present value as an objective function. However, not one of these studies
presents a robust model with the ability to predict a suite of well design
parameters for any given reservoir drainage area, including such parameters as the
horizontal mainbore length, number of laterals and length of each lateral, global
direction of each lateral, well location, etc, all of which are critical factors to
consider in field development planning.
Similarly, extensive work has been done in the area of artificial
intelligence and its applications to field development planning and production
forecasting. Majority of work done focused on the use of genetic algorithms and
fuzzy logic, many times coupled with other techniques, to optimize specific
variables in the design of these well systems. These efforts were also very often
directed towards conventional reservoirs. Only a handful of research efforts exist
in the application of artificial intelligence to advanced well structures (of the kind
studied in this research work) in unconventional reservoirs.

3.2

PROBLEM STATEMENT
On the basis of the aforementioned deficiencies, the main research

objectives of this study are summarized below:
 Investigate the design and placement of advanced well structures for field
development of unconventional reservoirs using artificial intelligence.
 Develop artificial intelligent experts that can predict performance of
advanced well structures in unconventional reservoirs with little recourse
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to indepth knowledge of the physics of flow mechanisms in these
reservoirs and how they impact production.
 Develop artificial intelligent experts that can predict reservoir properties
of unconventional reservoirs while being exploited by advanced well
structures.
 Design an integrated system of developed artificial intelligent experts.
All artificial intelligent experts are developed on a neural network framework.
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Chapter 4
METHODOLOGY

4.1

INTRODUCTION
The use of artificial intelligent expert systems in predicting outputs given

a specified input represents a classical supervised learning process. It is called
supervised learning because, during training, the intelligent expert is presented
with the true behavior of the system under study for any specified condition. This
specified condition and the true behavior of the system make up the feature vector
(input) and the response (output) respectively.

In learning the relationship

between a given feature vector and its corresponding response, the expert
establishes correlations between both, and is then able to estimate the response of
the physical system given a new specified condition (feature vector). Thus, for
developing artificial intelligent expert systems, there is the need for data sets that
intrinsically reflect and contain information about the behavior of the physical
system under study.

4.2

DATA AVAILABILITY
Due to the relatively recent use of advanced well structures in

unconventional reservoirs, accessibility to well bore structure design data and
production data from these systems was, and is, almost non-existent. Where data
does exist, it is not accessible. Therefore, as an alternative, synthetic data was
utilized. A variety of reservoir models were built with a mix of wide-ranging
reservoir and fluid properties, and different configurations of advanced well
structures to capture typical values in the field. These models were then run with
a high fidelity reservoir simulator to obtain production data.

This data was

subsequently used for developing the artificial expert systems. The reservoir
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models are described in sections below.

It should be noted that the use of

reservoir simulators is a standard and common practice in the oil and gas industry.

4.3

RESERVOIR DESCRIPTION
The description of a reservoir involves establishing values and distribution

of the rock and fluid properties, and areal extent in an effort to better understand
the reservoir, and thus make well informed decisions to optimize recovery. A
more robust method for reservoir description is to integrate the different facets of
the process, combining geological and geophysical data (such as from well logs,
stratigraphic and structural studies, outcrops and rock samples, geochemical
studies, seismic surveys, etc) with engineering data (such as from petrophysical
studies,

well

tests,

injection/production

data

analysis,

fluid

analysis,

geomechanical analysis, etc). The resulting earth model is most robust as it
overcomes the limitations of any one data domain [Beamer et al, 1998].
A dual-porosity tight oil homogeneous reservoir was developed for this
study. The classical Warren and Root model for dual porosity systems was
implemented as shown in Figure 4-1 below. This reservoir is initially in an
under-saturated state and may be produced beyond the bubble point pressure of
the reservoir, depending on the wellbore condition. Some additional information
that were kept constant for all developed models is given in Table 4-1 below.
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Figure 4-1: A Double Porosity Medium [Warren and Root, 1963]

Table 4-1: Reservoir Properties Constant for all Models

4.4

PROPERTIES

VALUE

Reservoir Temperature

250oF

Reference Depth

6000 ft

Pore Compressibility

1 x 10e – 6 psi-1

Reference Pressure for Pore Compressibility

3000 psi

Gas-oil Capillary Pressure Entry Pressure

20 psi

Water-oil Capillary Pressure Entry Pressure

8 psi

ROCK PROPERTIES
Rock properties used in this study include matrix permeability, fracture

permeability, matrix porosity, fracture porosity, and natural fracture spacing.
Anisotropy was implemented, with fracture and matrix having different values of
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permeability in x-y-z directions. Some constraints were placed on the system to
honor the physics of dual-porosity reservoir systems. They include:
 Fracture permeability is always greater than matrix permeability.
 Permeability in the x – y plane is always greater than permeability in the z
– direction.
 Reasonable differences exist between permeabilities in the x – y plane that
reflect typical field values.

4.4.1

Relative Permeability
Relative permeability is the ease with which a given fluid flows through

porous rocks in the presence of other fluids. Corey’s Power Law model was
utilized for developing two-phase relative permeability curves. This model is
widely used in the industry and is known for its simplicity, especially because
very little information (endpoint saturations and relative permeability values) is
needed for its use [Honarpour et al, 1986]. A form of Corey’s correlation used for
this study is as given in Equation 4-1 to Equation 4-4 below.

Equation 4-1

Equation 4-2

Equation 4-3

Equation 4-4
Where

Krw is the relative permeability of water, Krwiro is the relative

permeability of water at irreducible oil saturation, Sw is the water saturation,
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Swcrit is the critical water saturation, Soirw is the irreducible oil saturation, nw is
the water relative permeability exponent, Krow is the oil-water relative
permeability, Krocw is the relative permeability of oil at connate water saturation,
So is oil saturation, Sorw is residual oil saturation, Swcon is the connate water
saturation, no is the oil-water relative permeability exponent, Krg is the relative
permeability of gas, Krgcl is the relative permeability of gas at connate liquid (oil
saturation + connate water), Sl is the liquid saturation, Sgcrit is the critical gas
saturation, Soirg is the irreducible oil saturation, ng is the gas relative permeability
exponent, Krog is the oil-gas relative permeability, Krocg is the relative
permeability of oil at connate gas saturation, Sorg is residual gas saturation, Sgirg is
the irreducible gas saturation, nog is the oil-gas relative permeability exponent.
For three-phase relative permeability, Stone’s II model was utilized. This
model was developed by applying probability concepts to the channel flow
theory, thereby estimating three-phase relative permeability from laboratorymeasured two-phase relative permeability [Ahmed, Tarek, 2001]. The model is
described in Equation 4-5 below.

Equation 4-5
In the equation above, Kro is oil phase relative permeability.
As can be seen from the above equations, relative permeability curves can
be defined for any reservoir system once values of saturation and relative
permeability at the endpoints are known. For each simulated reservoir model
used, 12 points (including the endpoints) were utilized for estimating relative
permeability data.
Figure 4-2 and Figure 4-3 below show sample plots of relative
permeability derived using the above-mentioned models. The profiles of these
plots indicate the tightness and wettability of the reservoir systems.
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Figure 4-2: Sample Two-phase Relative Permeability Curve

Figure 4-3: Sample Two-phase Relative Permeability Curves
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4.4.2

Capillary Pressure
Capillary pressure information is an invaluable part of reservoir modeling.

This information defines fluid contacts, initial saturation profiles. It is also useful
for phase pressure differentials, and for delineating rock types using bound water
volumes. The Brooks and Corey power law correlation was used for estimating
capillary pressure curves for the reservoir models [Brooks and Corey, 1966].
Equations 4-6 and 4-7 describing this power law relationship are given below.

Equation 4-6

Equation 4-7
In the equations above, Pcow is the oil-water capillary pressure, PcSwc is the
capillary pressure at connate water saturation, nco is the oil-water capillary
pressure exponent, Pcgo is the gas-oil capillary pressure, PcSlc is the capillary
pressure at connate liquid saturation, ncg is the gas-oil capillary pressure exponent.
Figures 4-4 and 4-5 show sample plots of capillary pressure data derived
from using the abovementioned model. As stated earlier, entry pressures of 8 psi
and 20 psi were utilized for the oil-water and gas-oil capillary pressure curves
respectively.
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Figure 4-4: Sample Oil-water Capillary Pressure Data Plot

Figure 4-5: Sample Gas-oil Capillary Pressure Data Plot
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A close look at the different properties and correlations discussed above
shows that the following properties in Table 4-2 below have to be pre-defined.
Values for these properties are typically obtained from core analysis, well logs,
well test analyses. These properties have been identified as having relationships
to the responses for all of the artificial expert systems developed for this study,
and therefore have been added to the feature space.
Table 4-2: Unknown Parameters for Rock Properties
Rock Properties
Absolute permeabilities for fracture and matrix (x-y-z), md
Matrix and fracture porosities
Natural fracture spacing, ft
Connate water saturation
Critical water saturation
Irreducible oil saturation in oil-water two-phase flow
Residual oil saturation in oil-water two-phase flow
Oil exponent for oil-water relative permeability data
Water exponent for oil-water relative permeability data
Irreducible oil saturation in oil-gas two phase flow
Residual oil saturation in oil-gas two phase flow
Connate gas saturation
Critical gas saturation
Gas exponent for oil-gas relative permeability data
Oil exponent for oil-gas relative permeability data
Relative permeability of oil at connate water saturation
Relative permeability of water at irreducible oil saturation
Relative permeability of oil at connate gas saturation
Relative permeability of gas at connate liquid saturation
Capillary pressure at connate water saturation
Capillary pressure at connate liquid saturation
Exponent for oil-water capillary pressure
Exponent for gas-oil capillary pressure
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4.5

FLUID PROPERTIES
Pressure-Volume-Temperature (PVT) tables were generated for each

reservoir model developed. The entries of the PVT table were generated using
established correlations as seen in the literature [Ahmed Tarek, 2001]. These
entries are described below.

4.5.1

Gas Solubility, Rs
The gas solubility is a measure of how much gas is dissolved in one stock-

tank barrel of crude oil at conditions of pressure and temperature. This value
increases with pressure at isothermal conditions, until bubble point pressure at
which point, it remains constant. Glaso’s correlation was utilized for estimating
this property. This correlation, as described by Equations 4-8 and 4-10 below,
relates gas solubility to oil API gravity, pressure, temperature, and gas specific
gravity.

Equation 4-8
Equation 4-9
Equation 4-10
Where γg is the gas specific gravity, P is pressure in psia, T is temperature in oF,
API is oil API gravity.

4.5.2

Oil Formation Volume Factor, Bo
The oil formation volume factor is a measure of the change in oil volume

when it is taken from reservoir conditions to standard conditions. At isothermal
conditions, the formation volume factor increases with pressure until bubble point
pressure at which point, any additional increase in pressure works in compressing
the fluid.
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Standing’s correlation was utilized for estimating oil formation volume factor.
This correlation relates oil formation volume factor to gas solubility, gas gravity,
reservoir temperature, and oil gravity. It is expressed in Equation 4-11

Equation 4-11

4.5.3

Gas Compressibility Factor, Z-factor
The gas compressibility factor is a measure of the change of the molar

volume of a real gas as compared to an ideal gas at the same temperature and
pressure. It is useful for correcting the ideal gas law for real gas behavior.
The Dranchuk – Abu-Kassem iterative method was utilized for estimating this
property. This correlation relates z-factor to reduced gas density, which is itself a
function of the gas density at the specified pressure and temperature and gas
density at critical conditions. The iterative process is described by Equations 412 to 4-15 given below.

Equation 4-12

Equation 4-14

Equatn 4-15
Where ρr is the reduced gas density, Tpr is pseudo-reduced temperature, Ppr is the
pseudo-reduced pressure. The values of constants A1 to A11 are given as:
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The pseudo-reduced pressure and temperature are also estimated using Equations
4-16 to 4-19:

Equation 4-16

Equation 4-17
Equation 4-18
Equation 4-19
Where Pcrit is the critical pressure, and Tcrit is the critical temperature.

4.5.4

Gas Formation Volume Factor, Bg
The gas formation volume factor is a measure of the change in gas volume

when it is taken from reservoir conditions to standard conditions. The real gas
equation of state was utilized for estimating this property, as described below.

Equation 4-20
Where Bg is gas formation volume factor in bbl/scf, T is temperature in oF, P is
pressure in psi, and Z is gas compressibility factor.

4.5.5

Oil Viscosity, µo
Oil viscosity is an important property of the fluid that measures its internal

ability to flow. The Beggs-Robinson correlation was utilized for estimating this
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property. This correlation expresses oil viscosity as a function of oil API gravity,
gas solubility, temperature, and dead oil viscosity.

Equation 4-21
Equation 4-22
Equation 4-23
Equation 4-24
Equation 4-25
Equation 4-26
Equation 4-27
Where µod is the crude oil dead viscosity in centipoise, and T is temperature.

4.5.6

Gas Viscosity, µg
Similar to the oil viscosity as described above, the gas viscosity is a

property of the fluid that measures its internal ability to flow. The Lee-GonzalezEakin method was utilized for estimating this property of gas. This correlation
expresses gas viscosity as a function of gas density, temperature, and apparent
molecular weight of the gas.

Equation 4-28

Equation 4-29

Equation 4-30
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Equation 4-31
Where µg is gas viscosity, centipoise, ρg is gas density, Ma is apparent gas
molecular weight, T is temperature.

4.5.7

Oil Compressibility, Co
The oil compressibility is a measure of the change in volume of crude oil

with change in pressure at isothermal conditions.

The Petrosky-Farshad

correlation was utilized for estimating this property, and it relates oil
compressibility factor to gas solubility at bubble point pressure, gas specific
gravity, oil API gravity, Temperature, and Pressure.
Equation 4-32
Where Co is oil compressibility in psi-1, and Rsb is gas solubility at bubble point
pressure.

4.5.8

Negative Total Hydrocarbon Compressibility Check
A possible complication that may arise when using correlations to estimate

PVT properties is the potential for the total hydrocarbon compressibility to
become a negative value, particularly at high pressures. This can happen when
the change in oil volume due to pressure increase becomes greater than the
change in oil volume due to gas dissolving into the oil.
Therefore a compressibility check was employed every time the given
correlations were used for estimating PVT properties. This check is described by
Equation 4-33 below.

Equation 4-33
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The Figures 4-6 to 4-8 show sample plots of specific PVT properties as
determined using the correlations described above.

They all show good

agreement with typical curves for the properties.

Figure 4-6: Sample Plots of Rs and Bo using Correlations
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Figure 4-7: Sample Plot of Gas Z-factor using Correlation

Figure 4-8: Sample Plot of Fluid Viscosities using Correlation
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The bubble point pressure is another fluid property that was utilized for
this study. This is the pressure at which gas just begins to evolve from, or
dissolve in oil.

Above the bubble point pressure, reservoirs are classified as

under-saturated reservoirs, and saturated reservoirs below the bubble point. It is
assumed, for this study, that the value of this property is known from external
sources. Initial reservoir pressure is also identified as an important variable.
A careful look at the abovementioned PVT properties and correlations utilized
to determine them shows that, in order to describe the PVT properties of the fluid
for any reservoir system used in this study, the following properties have to be
pre-defined:
 Temperature
 Gas Gravity at standard conditions
 Oil API Gravity at standard conditions
 Bubble Point Pressure
 Initial Reservoir Pressure
These are the unknown variables in Equations 4-8 to 4-33 and they are made part
of the data for developing the artificial intelligent systems.
Sample profile plots of oil recovery factor and producing gas-oil ratio
realized from a typical reservoir with properties as described above are given in
Appendix I.

4.6

RESERVOIR EXTENT DATA
This set of data relates to the areal extent of the reservoir. Properties of

the reservoir such as drainage area, and thickness fall into this category.

4.7

SENSITIVITY ANALYSIS FOR GRID SIZE EFFECTS
The effect of grid sizes in results for numerical simulations of fluid flow is

well documented [Abou-Kassem et al, 1984; Mahsoud and Begg, 1993]. This
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relates to truncation error and numerical uncertainty issues. For this study, a
sensitivity analysis was performed using different grid sizes for the same
reservoir. Three different grid meshes, each with equal-sized grid blocks, were
superimposed on a 600-acre two-dimensional reservoir.

The first grid mesh

contains 50 grid blocks, the second grid mesh contains 100 grid blocks, while the
third grid mesh contains 200 grid blocks. The oil production rate was compared
for all three cases, as shown in Figure 4-9 below.

Figure 4-9: Grid Size Effect Comparison

The figure above shows very little change in production beyond 100 grid
blocks. Therefore, for the entire research effort, a 2-dimensional reservoir system
with 100 grid blocks was utilized for running the simulation models for
generating synthetic training data. No depth gradient is implemented in this study
as the reservoir system is of uniform structure.
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4.8

ADVANCED WELL STRUCTURES
For each developed reservoir model, an advanced well structure was

placed to drain the reservoir. Production and pressure data from this wellbore was
used in training the expert system. A pictorial description of the advanced well
structure is given in Figure 4-10 below.

Figure 4-10: Pictorial Description of An Advanced Well Structure

As can be seen from the figure above, Each wellbore structure comprises a
horizontal main bore with a specified length, and certain amount of side laterals,
with each lateral having a specified length also. The laterals are spaced from one
another at a specified distance. All laterals are at 45o to the horizontal main bore.
The entire well structure is placed in the centre of the drainage area. The
reasoning behind this well placement is that it is assumed that, for purposes of
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field development planning, an entire field is divided into smaller drainage areas
in a given pattern, and for which the developed expert systems will be employed
[Figure 4-11].

Therefore, in order to reduce the interference between

neighboring well structures, there is a need to ensure, as much as possible, similar
flow patterns between neighboring drainage areas. This necessitates that the
wellbore be placed in the centre of the drainage area.

Figure 4-11: Full Field Study with Multiple Drainage Areas

A drainage area is made up of 100 grid blocks, each with a specified
reservoir rock and fluid property as determined by tests, laboratory experiments,
well logs, etc. Considering similarities between properties of each grid block
within a drainage area, average values of each property can be assigned to a
drainage area.
A total of eight possible laterals can be assigned to each wellbore.

For

each wellbore, values are given for the length of the horizontal mainbore, the
number of laterals, the length of each lateral, the spacing for each lateral, and an
indication of the direction of each lateral (northward or southward).
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The

wellbore condition is also specified (flowrate-specification or flowing pressure
specification). For wellbores with less than eight laterals, redundant features are
assigned a zero value. Each of these well design parameters is part of the data
used for training the expert system.

4.9

NEURAL NETWORK TRAINING
As described in the Section 4.2, synthetic data was utilized for developing

the intelligent expert systems. In order to enhance the integrity of the developed
experts, a range of values was specified for each of the properties and parameters
in the previous sections. These ranges were made to cover typical field values for
unconventional (tight oil) reservoir systems.

Therefore, each training data

instance is made up of a vector of a random but reasonable combination of these
rock and fluid properties and well design parameters. Results from the simulation
run include production and well pressure data. These are also used in the training
process. Table 4-3 describes these properties and parameters, and the range of
values assigned to each.
Table 4-3: Ranges for Properties and Parameters for Network Training
RESERVOIR EXTENT DESCRIPTION

Ranges

Drainage Area, A

50 Acres to 600 Acres

Reservoir Thickness, H

50 ft to 300 ft

ROCK PROPERTIES
Fracture Permeability in x-dir, Kxf

0.001 md to 10 md

Fracture Permeability in y-dir, Kyf

0.001 md to 10 md

Fracture Permeability in z-dir, Kzf

1% to 15% of Min {Kxf, Kyf}

Matrix Permeability in x-dir, Kxm

5E-06 md to 0.1 md

Matrix Permeability in y-dir, Kym

5E-06 md to 0.1 md

Matrix Porosity, Φm

5% to 15%

Fracture Porosity, Φf

1% to 20% of Φm

Fracture Spacing

1 ft to 100 ft

RELATIVE PERMEABILITY DATA
Connate Water, Swcon

20% to 30%

Critical Water, Swcrit

Swcon + {0% to 10%} of Swcon

Irreducible Oil, Soirw

20% to 30%
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Residual Oil, Sorw

Soirw + {0% to 10%} of Soirw

Oil – Water Exponent, no

1.5 to 3

Water – Oil Exponent, nw

3 to 4

Irreducible Oil, Soirg

25% to 35%

Residual Oil, Sorg

Soirg + {0% to 10%} of Soirg

Connate Gas, Sgcon

1% to 5%

Critical Gas, Sgcrit

Sgcon + {0% to 10%} of Sgcon

Gas – Oil Exponent, ng

1.5 to 3

Oil – Gas Exponent, nog

3 to 4

Kro at connate water, Krocw

0.6 to 0.9

Krw at irreducible oil, Krwiro

0.35 to 0.5

Kro at connate gas, Krocg

Krocw

Krg at connate liquid, Krgcl

0.35 to 0.5

CAPILLARY PRESSURE PROPERTIES
Pc at connate water, Pcswc

25 psi to 75 psi

Pc at connate liquid, Pcslc

50 psi to 150 psi

Exponent for Pcow ,nco

3 to 4

Exponent for Pcgo , ncg

2 to 4

FLUID PROPERTIES
Gas Gravity at Standard Conditions

0.70 to 0.95

Oil API Gravity at Standard Conditions

20o to 40o

Initial Reservoir Pressure, Pi

4000 psi to 6500 psi

Bubble Point Pressure, Pb

1100 psi to 1500 psi

WELL DESIGN PROPERTIES
Mainbore Length, MBL

500 ft to 4500 ft

Number of Laterals, NL

1 to 8

Length of Laterals, LL

500 ft to 2500 ft

Lateral Spacing, LS

0 ft to 850 ft

Lateral Direction, LD

-1 (northward) or +1 (southward)

WELLBORE SPECIFICATIONS
Oil Plateau Rate Specification, stb/d

[10 stb/d to 1000 stb/d ]

OR Bottom Hole Pressure Specification, psi

[20% to 50% of Initial Pressure, Pi]

The table above shows seven blocks of information that are deemed as
needed for adequately describing the reservoir system and its response.

As

indicated earlier, each training sample is made of a combination of each
parameter indicated in Table 4-3 above, and the corresponding production and
pressure data as retrieved from the simulation runs.
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4.9.1

Data Normalization
For effective learning, most machine learning algorithms, including neural

networks, require that the data set be pre-processed so that weights generated are
not too large [Marsland, 2009]. This is particularly necessary for training data in
which each feature is on a different scale of values. Typical data normalization
techniques transform the data to a scale between 0 and 1 (min-max
normalization), -1 and +1, or transform the dataset to zero mean and unit variance
(normal standardization).
For this research effort, the min-max normalization was utilized. This
method helps to preserve zero entries in the dataset, particularly for a sparse
matrix as used in this study. Equation 4-34 below describes this method.
Xt 

X  X min
X max  X min

Equation 4-34

Where Xt is the transformed data value.

4.9.2

Generalization and Overfitting
The ability of the network to infer relationships between inputs and

outputs that it has seen during training, and then make a reasonable prediction of
responses given a new set of inputs is termed generalization. This is enhanced by
making numerous passes across the dataset during training. Unfortunately, there
is a great tendency for the neural network to make so many passes that it becomes
over-trained. At this stage, the network learns not just the valid relationships
between inputs and outputs, but also the noise in the data set. This process is
called overfitting, where the network fits both the function between inputs and
outputs and also noise. Typically a neural network that has undergone overfitting
will have huge generalization errors [Marsland, 2009]. A very common way to
prevent overfitting from ocurring is as described below.
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For purposes of training the network, the entire data is divided into three
subsets, namely training data, validation data, and testing data. As the name
implies, the training data subset is fed to the neural network for training. The
testing data subset is used to evaluate a trained network at the end of the training
process. This data subset is not shown to the network throughout the training
process, as doing so makes the testing data irrelevant for testing purposes. During
the training process, after every pass across the training data subset, prediction is
made on the validation set, and the prediction error is determined. This error
(generalization error) should decrease very quickly for the first few passes, and
then gradually decrease afterwards. At any point where the generalization error
starts to increase, that is an indication of overfitting ocurring, and the training
process can either be stopped, or the weights and biases generated just at the point
when overfitting starts are saved and retrieved as the true parameters for the
network at the end of training [Marsland, 2009]. This method was implemented
for this study.

4.10

SCOPE OF EXPERT SYSTEMS
Six expert systems were developed for various tasks associated with tight

oil reservoir systems.

The expert systems fall into three broad categories of

expert systems, as indicated below.
 Production Prediction Expert Systems (PPEx)


Production Prediction Expert with flow rate – specified wellbore
conditions



Production Prediction Expert with bottom hole pressure – specified
wellbore conditions

 Well Design Expert System (WDEx)


Well Design Expert for bottom hole pressure – specified wellbore
conditions



Well Design Expert for flowrate – specified wellbore conditions

 History Matching Expert System (HMEx)
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History Matching Expert for bottom hole pressure – specified
wellbore conditions



History Matching Expert for flowrate –specified wellbore
conditions

Each of these developed expert systems will be discussed in detail in the next subsections.

4.10.1 Production Prediction Expert System – PPEx
A single expert system on a framework of neural network was developed
that predicts a time-series data of cumulative production profile of oil, gas, and
water, and pressure (for flow rate – specified wellbore conditions) for 10 years in
intervals of 30 days.

In other words, 121 data points are predicted for each

specified profile. Table 4-4 and Figure 4-12 describe the PPEx for a pressure –
specified wellbore while Table 4-5 and Figure 4-13 describe the PPEx for oil
plateau rate-specified wellbore.

Table 4-4: Composition of Training Data for PPEx with Pressure-specified
Wellbore
Feature Space

Response Space

Well Design Parameters

Oil Cumulative Production for 10 years

Pressure Wellbore Specification

in 30-day intervals

Rock Properties

Gas Cumulative Production for 10

Relative Permeability Data

years in 30-day intervals

Capillary Pressure Data
Fluid Properties

Water Cumulative Production for 10

Reservoir Extent Data

years in 30-day intervals
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Figure 4-12: Design of Production Prediction Expert with Pressure-spec.
Well

Table 4-5: Composition of Training Data for PPEx with Rate-Spec. Well
Feature Space

Response Space

Well Design Parameters

Oil Cumulative Production for 10 years

Oil Plateau Rate Wellbore Specification

in 30-day intervals

Rock Properties

Gas Cumulative Production for 10

Relative Permeability Data

years in 30-day intervals

Capillary Pressure Data

Water Cumulative Production for 10

Fluid Properties

years in 30-day intervals

Reservoir Extent Data

Bottom Hole Pressure for 10 years in
30-day intervals
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Figure 4-13: Design of Production Prediction Expert with Rate-Spec. Well

4.10.2 Well Design Expert System – WDEx
The Well Design Expert system is built on a framework of neural network
for predicting the design of an advanced well structure that can meet a desired
production profile for a given reservoir drainage area.

This is particularly

important for field development planning where the decision for the best
production technique is made for the economic viability of the entire project.
Crucial questions to answer in this phase of development planning include what
type of wellbore to drill, how many wells,

the spacing between wells for

optimum field production, etc. This process can be a very arduous task because it
involves making multiple scenario runs of wellbore designs and spacing for each
drainage unit of the field and comparing the results of the entire field against the
baseline (the desired production profile).
The feature space of the WDEx is made up of the desired time-series data
of oil cumulative production for a period of 10 years in 30-day intervals, the size
and properties of the drainage area, and the wellbore condition. The response of
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the system is a vector comprising values of design parameters for the advanced
wellbore structure, and time-series profiles of cumulative production of gas and
water, and bottom hole pressure (for rate-specified wellbores), for a period of 10
years in 30-day intervals.
The Well Design Expert system can be seen as the inverse of the
Production Prediction Expert system (PPEx).

However it is important to note

that solutions to inverse problems are not unique solutions. Therefore, evaluating
this design expert involved extra procedures which will be outlined in a later
section. The non-uniqueness of the inverse solution also creates the need for an
optimization technique for selecting an optimum solution based on an objective
function.

Typical objective functions are the net present value (NPV) of the

project or cumulative production after a specified period. Table 4-6 and Figure
4-14 describe the WDEx for pressure-specified wellbores, while Table 4-7 and
Figure 4-15 describe the WDEx for rate-specified wellbores.

Table 4-6: Composition of Training Data for WDEx with Pressure-spec. Well
Feature Space

Response Space

Rock Properties

Well Design Parameters

Relative Permeability Data
Capillary Pressure Data
Fluid Properties
Reservoir Extent Data

Gas Cumulative Production for 10

Wellbore Pressure Specification

Water Cumulative Production for 10

Oil Cumulative Production for 10 years

years in 30-day intervals

years in 30-day intervals

in 30-day intervals
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Figure 4-14: Design of Well Design Expert with Pressure-Specified Well

Table 4-7: Composition of Training Data for WDEx with Rate-spec. Well
Feature Space

Response Space

Rock Properties

Well Design Parameters

Relative Permeability Data
Gas Cumulative Production for 10

Capillary Pressure Data
Fluid Properties
Reservoir Extent Data

years in 30-day intervals
Water Cumulative Production for 10

Wellbore Oil Plateau Rate Specification

years in 30-day intervals

Oil Cumulative Production for 10 years

Bottom Hole Pressure for 10 years in

in 30-day intervals

30-day intervals

- 49 -

Figure 4-15: Design of Well Design Expert with Rate-Specified Well

4.10.3 History Matching Expert System – HMEx
The History Matching Expert system is built on a framework of neural
network for estimating the values of specific properties of a reservoir system
given that information regarding other properties of the system and historical
production data is available. Production history matching is a very crucial, albeit
tedious, component of the oil and gas production extraction process. It affords an
opportunity for better estimation of reservoir properties that are not explicitly
determined through laboratory experiments. The typical history matching process
is undertaken in an inverse-fitting manner by applying established equations and
models that describe fluid flow in porous media to a combination of reliablyknown reservoir properties and best estimates of reservoir properties of interest.
The values of these reservoir properties of interest are subsequently adjusted until
such a point when the production data resulting from the combination of
properties matches closely with the existing historical production data.

- 50 -

An underlying assumption in this process is that all of the mechanisms
taking place in the sub-surface are adequately accounted for by the equations and
models applied to the data. This rarely happens, particularly for unconventional
reservoirs for which there is a dearth of knowledge. In the same vein, being an
inverse problem, a history matching exercise may present solutions that are nonunique, and therefore misrepresent reservoir properties and physics even though a
good production data match is achieved. Hence, most engineers utilize multiple
history matching models in an attempt to hone in on the accurate values for
desired properties. It should also be noted that the history matching exercises are
conducted periodically over the lifetime of the reservoir. In this way, reservoir
models are updated to represent the true condition of the reservoir over time.
The feature space of the HMEx comprises the advanced well structure
design data, the wellbore condition, fluid saturation data, relative permeability
data, capillary pressure data, fluid properties, the reservoir initial pressure, and the
bubble point pressure. Also in the feature space are the cumulative production
history data for oil, gas, and water, and bottom hole pressure profile (for ratespecified wellbores).
developing HMEx.

Production history data for three years is utilized for
The response space comprises rock properties such as

fracture permeabilities, matrix permeabilities, matrix and fracture porosities,
natural fracture spacing, and the reservoir thickness and drainage area.
Even though a history matching exercise represents an inverse problem, it
is quite imperative that the actual values for properties of interest be determined
to the best of one’s ability. Hence, evaluating this expert system was performed
on two fronts, as will be discussed in later sections. Table 4-8 and Figure 4-16
describe the HMEx for pressure-specified wellbores, while Table 4-9 and Figure
4-17 describe the HMEx for rate-specified wellbores.
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Table 4-8: Composition of Training Data for HMEx with Pressure-specified
Well
Feature Space

Response Space

Well Design Parameters
Wellbore Pressure Specification
Fluid Saturation Data
Relative Permeability Data
Capillary Pressure Data
Fluid Properties
Reservoir Initial Pressure
Reservoir Bubble Point Pressure

x-dir Fracture Permeability
y-dir Fracture Permeability
z-dir Fracture Permeability
x-dir Matrix Permeability
y-dir Matrix Permeability
Matrix Porosity
Fracture Porosity
Natural Fracture Spacing

Oil Cumulative Production for 3 years in
30-day intervals
Gas Cumulative Production for 3 years in 30day intervals
Water Cumulative Production for 3 years in 30day intervals

Reservoir Thickness
Reservoir Drainage Area

Figure 4-16: Design of History Matching Expert with Pressure-Spec. Well

- 52 -

Table 4-9: Composition of Training Data for HMEx with Rate-spec. Well
Feature Space
Well Design Parameters
Wellbore Oil Plateau Rate Specification
Fluid Saturation Data
Relative Permeability Data
Capillary Pressure Data
Fluid Properties
Reservoir Initial Pressure
Reservoir Bubble Point Pressure
Oil Cumulative Production for 3 years in
30-day intervals
Gas Cumulative Production for 3 years in
30-day intervals
Water Cumulative Production for 3 years
in 30-day intervals
Bottom Hole Pressure for 3 years in 30-day
intervals

Response Space
x-dir Fracture Permeability
y-dir Fracture Permeability
z-dir Fracture Permeability
x-dir Matrix Permeability
y-dir Matrix Permeability
Matrix Porosity
Fracture Porosity
Natural Fracture Spacing
Reservoir Thickness
Reservoir Drainage Area

Figure 4-17: Design of History Matching Expert with Rate-Spec. Well
- 53 -

4.11

NEURAL NETWORK OPTIMIZATION
The optimization of the neural network for optimum prediction results

followed a very organized but heuristic process.

Figure 4-18 explains the

process. Training starts off with a very simple network architecture, typically
comprising two hidden layers and a certain amount of neurons.

Depending on

the quality of predictions, the network architecture is made complex by changing
network parameters such as the number of hidden layers, number of neurons in
each hidden layer, the transfer functions, the training optimization function, and
the type of neural network. To further improve the quality of prediction, feature
engineering is performed in which the data is transformed, or the feature space
(and sometimes the response space also) is increased by adding expanded features
or variables.

Expanded features are features that are created by manipulating

existing features in such a way as to reinforce learning. These expanded features
create linear relationships between the features and the response, which aid in
learning.

- 54 -

Figure 4-18: Neural Network Optimization Workflow

4.12

NETWORK EVALUATION AND TESTING
Network evaluation and testing is an important phase of the entire process

of developing expert systems. The expert systems should be able to contribute to
the field of application, either in terms of accuracy of results, or in terms of
efficiency of estimations. For this study, various tests were conducted to estimate
the effectiveness of the developed expert systems in predictions.

4.12.1 Generalization Test
As stated earlier, developed expert systems may have learnt both the
actual relationship between input and output and the noise in the dataset (over- 55 -

fitting). Therefore it is important that the expert systems be tested on data set that
was not used in the training process. For this purpose, a set of data , which is a
subset of the data set used in training the network, as described in section 4.11.2.
was utilized for the test.

For each instance, prediction errors were determined by

comparing the predictions from the expert systems with the true behavior of the
system using the mean absolute errors (MAE). Based on the size of the testing
data set, confidence intervals were determined for the error values for the models.
For inverse-acting models, such as the Well Design Expert System
(WDEx) and the History Matching Expert System (HMEx), the non-uniqueness
of its proposed solution offers an added challenge for evaluating the expert’s
effectiveness. Therefore, for this expert, each network solution that is predicted
is run on a high fidelity commercial simulator. Cumulative production profile
results from this run are then compared with the original target profiles. In
particular, the oil cumulative profile is used as the overall objective function for
comparing profiles.
As was stated earlier, even though history matching is an inverse problemtype, it is important that predicted values of reservoir properties are as close as
possible to the actual value of such properties.

Therefore, for the HMEx,

predicted values are not only run on a high fidelity simulator, but they are also
compared directly with the true values of the reservoir properties of interest.

4.12.2 Sensitivity Analysis
To test how the developed expert systems respond to a small change to an
input variable, the experts were subjected to a sensitivity analysis test. This is a
test for the consistency of the expert system within its own domain. In this test,
specific feature variables in a selected data sample were changed in an organised
manner, and the response of the system was analysed for each change. The
response of the system is expected to mimic the known behavior of the physical
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system (the reservoir in this case) when subjected to similar change in the input
variable.

4.12.3 Randomness Test
The assumption underlying the use of machine learning tools such as
neural networks is that samples are independently identically distributed (i.i.d).
This assumption helps to circumvent the need to understand the mechanisms
behind the generation of the data [Guyon et al., 2010]. Typically, most data
samples for training are collated randomly, which makes it difficult to guarantee
that the data set is of the i.i.d type. But in order to comfortably utilize the
assumption of independently identically distributed data, a large amount of
different sets of sample data is required. However this is rarely the case.
To overcome this challenge, the concept of bootstrapping was introduced
[Efron, 1979]. Bootstrapping helps to give an estimate of the variation in samples
of data sets. It is used to investigate how prediction results change if a data set is
sampled from the data distribution.
In this test, multiple bootstrap replicates are created from the original data
set for training. Each bootstrap replicate consists of randomly sampled data from
the original data set with replacement. An expert system is then developed for
each bootstrap replicate using the same neural network architecture. Thereafter,
each developed expert system is evaluated on the same testing set. The variation
in accuracy from all expert systems is analysed for which confidence intervals can
be established.
It is important to note that there is little need for this test in this research
effort because of the control on the data generating process.
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4.12.4 Feature Importance Estimation
Feature importance is an important part of the training process. This is
particularly useful when there is a preponderance of possible features. Two forms
of feature importance have been identified as predictive importance, which
measures the decrease in model accuracy caused by omitting a feature; causal
importance, which analyses the change in model response that occurs when the
value of a feature is changed [Sarle, 2000]. These are based on the premise of
dependency between features. Many methods abound for determining feature
importance, even though the process can be tasking.
Using permutation studies, an estimation of the effect of features on the
accuracy of the developed expert system is determined.

The idea here is to

estimate the strength of correlation that exists between a feature and the response
of the expert system whilst staying cognizant of the fact that correlation does not
equate to causality.
As a first step, an expert sytem is developed using the features (inputs) and
responses (true behavior). A test-statistic is determined by estimating the mean
absolute error (MAE) of prediction by the expert system. Thereafter, each feature
is permuted N number of times, one feature after the other. Permutation helps to
break any correlation between a feature and the true behavior.

After each

permutation, an expert system is developed and the test-statistic is determined and
then compared with the test-statistic from the expert with un-permuted features.
In the end, p-values are determined for each feature, which represent how many
times each expert system after permutation under-performs the expert system with
no permutation. Features with a very strong correlation to response should have
high p-values, and vice versa [Radivojac et al., 2004].

- 58 -

Chapter 5
PRODUCTION PREDICTION EXPERT
SYSTEMS

5.1

INTRODUCTION
Production prediction is an integral part of any oil and gas exploration and

production project. Forecasting reservoir and well performance contribute to a
better understanding of the economic viability of a project years after it has
begun. One obvious assumption regarding forecasting is that nothing changes,
through the period of forecasting, of the physical and geological mechanisms that
were taken into consideration as at when the forecast was performed. In other
words, a forecast exercise makes no room for any uncertainty or significant
change that may present itself over the life of the reservoir. In this chapter,
discussions and results will be presented for the Production Prediction Expert
Systems developed for tight multi-phase, dual-permeability reservoirs with
advanced well structures.

5.2

PRODUCTION PREDICTION EXPERT SYSTEM WITH
PRESSURE -SPECIFIED WELLBORE – PPEx_I
The PPEx system with bottom hole pressure specification (PPEx_I) is

designed to predict a time-series data of oil cumulative production, gas
cumulative production and water cumulative production for a period of 10 years
in 30-day intervals from an advanced well structure with pressure specified at the
wellbore. For developing this expert system, the feature space consists of well
design parameters, specified bottom-hole flowing pressure, rock properties,
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relative permeability data, capillary pressure data, fluid properties, the reservoir
initial pressure and bubble point pressure, and the reservoir size and thickness.

5.2.1

Data Manipulation and Feature Engineering
For accurate predictions, the natural logarithm of the response space was

utilized for training the model. A number of functional links were also utilized as
shown in Table 5-1 below.
Table 5-1: Functional Links for PPEx_I
FUNCTIONAL LINKS TO FEATURE SPACE
10% of min{ Kxm, Kym}
Total wellbore length
Eigenvalues{C} where C = [Kxf, Phimtrx; Kyf, Phifrac]
Eigenvalues{D} where D = [Pi, Pi; Qoplateau, Pb]
Eigenvalues{E} where E = [γg, Pi; API, Pb]
Square root {max (Kxf, Kyf) / Kzf}
Pi / Qoplateau
Pi / Pb
Soirw / Sorw
Kxf – Kyf
Kyf / Kxm
Eigenvalues{F} where F = [no, ng; nw, nog]
Kyf * 100
Ln (Kzf)
Kxf * 100
Ln (Kyf)
Ln (Kxf)
Kzf * 100
100 * H
Ln (A)
100 * A
Ln (H)
Eigenvalues{G} where G = [Kxf, H; Kyf, A]
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5.2.2

Network Architecture for PPEx_I
Figure 5-1 gives a schematic of PPEx_I, while Table 5-2 gives more

details of the neural network architecture.

Figure 5-1: Structure of PPEx_I (Pressure-Specified Wellbore)

Table 5-2: Neural Network Architecture Details for PPEx_I
NEURAL NETWORK PARAMETER
Network Type

Feed-forward with back Propagation

Number of Hidden Layers

4

Number of Neurons for hidden layers

[ 90, 82, 75, 69 ]

Number of Case scenarios

1693

Train, Validate, Test Ratio (%)

[78, 21, 1]

Training Function

Scaled Conjugate Gradient

Transfer Functions

[ Logsig, Tansig, Tansig, Tansig ]

Learning Function

Learngdm

Performance Function

Mean Square Error with Regularization

Minimum Performance goal

5E-05

Maximum Number of Validation Increase

1000
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Maximum Number of Training Iterations

8000

Minimum Gradient Magnitude

1E-06

5.2.3

Generalization Test
As previously indicated, a generalization test was conducted on PPEx_I.

The test (blind test) utilized 553 data samples that were generated specifically for
purposes of testing.

For each sample, the mean absolute errors (MAE) of

prediction for each predicted profile was determined. A summary of the results
for the test is shown in Table 5-3 below.
Table 5-3: Summary of Prediction Error for Generalization Test of PPEx_I
Variable Predicted

Error Ranges
(553 Cases)

Oil Production

0.51% - 35.56%

Water Production

0.34% - 44.32%

Gas Production

0.39% - 32.46%

Figure 5-2 shows histogram plots of prediction errors for the
generalization, with each showing a log-normal distribution. 95% confidence
intervals (C.I values) were estimated for the error distribution parameters and are
given in Table 5-4.
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Figure 5-2: Histogram Plots for Prediction Error of PPEx_I for Test

Table 5-4: Error Distribution Parameters for PPEx_I Blind Test
Parameters

Oil Cum.

Gas Cum.

Water Cum.

Mean

1.61

1.71

1.64

Lower C.I.

1.54

1.65

1.57

Upper C.I.

1.68

1.77

1.71

St. Deviation

0.83

0.76

0.81

Lower C.I.

0.78

0.72

0.76

Upper C.I.

0.88

0.81

0.86

For this expert system, low mean values of prediction error distribution for
all profiles are a good indication of the effectiveness of this predictive model.
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Figure 5-3 to Figure 5-7 show sample plots of predictions by PPEx_I
from the generalization test . For each figure, target and predicted plots of oil
cumulative production, gas cumulative production, and water cumulative
production are shown with their corresponding MAE values. The inset in each
figure shows the advanced well structures that generated the profiles.

The

features for each case shown below is given in Appendix A. Distribution of
prediction error values with specific features are also given in Appendix A.

Figure 5-3: PPEx_I Prediction Sample Plot 1
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Figure 5-4: PPEx_I Prediction Sample Plot 2

Figure 5-5: PPEx_I Prediction Sample Plot 3
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Figure 5-6: PPEx_I Prediction Sample Plot 4

Figure 5-7: PPEx_I Prediction Sample Plot 5
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5.2.4

Sensitivity Analysis
For each feature, a base case was determined, and then the value of the

feature was changed within a specified range. The responses of the expert system
for every change in the value of a feature are compared to estimate the sensitivity
of the expert system as it relates to established true behavior of a reservoir system.
All features were selected for this test. Figure 5-8 to Figure 5-13 present the
findings for six selected features. For each feature, two cases selected randomly
are analysed.

Figure 5-8: PPEx_I Predictions with Changing Bottom Hole Pressure
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Figure 5-9: PPEx_I Predictions with Changing Bubble Point Pressure

Figure 5-10: PPEx_I Predictions with Changing Fracture Perm (x-dir)
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Figure 5-11: PPEx_I Predictions with Changing Fracture Perm (y-dir)

Figure 5-12: PPEx_I Predictions with Changing Gas Gravity
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Figure 5-13: PPEx_I Predictions with Changing Oil API Gravity

From the figures above, it can be seen that the expert sytem PPEx_I
honors established behaviors of a reservoir system, which lends credibility to the
efficacy of the expert systems, and also is an indication of consistency of the
expert system within its own domain. This test shows that the expert system can
also be used as a diagnostic tool for understanding the reservoir even better. As
an example, a close look at predictions with fracture permeability changes, in
Figure 5-10 and Figure 5-11, show that the advanced well structure for case 2 is
influenced largely by y-direction fracture permeability than the x-direction
fracture permeability.

This can be an indication that the well was drilled

orthogonal to flow channels pointing in the y-direction. Such conclusions can be
drawn on other observations of prediction plots.
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5.2.5

Feature Importance
An estimation of the importance of the reservoir properties was performed

using permutation tests.

Each feature related to the reservoir was permuted 50

times. After each permutation, a model was built on the permuted data set and
tested on a dataset dedicated for testing purposes. The accuracy of each model
built with permuted data was compared with the accuracy of the model built
without permuted data to generate p-values. A test-statistic was the basis for
comparison, and it is determined by the maximum value, for all testing data
samples, of sum of absolute prediction errors for each profile. The p-value for a
feature is the number of times the test-statistic for the permuted feature is less
than or equal to the test-statistic for the model without permuted features, divided
by the number of permutations. A direct relationship exists between the p-value
and a feature’s importance. Equation 5-1 is used to estimate p-value.
n

p  value j 

x
i 1

i

n

Equation 5-1

xi  1 if (tstato  tstati )  0
xi  0 if (tstato  tstati )  0
Where n is the number of permutations for feature j, tstato is the teststatistic before any permutations. Figure 5-14 shows plots of p-values for all
predicted profiles and for each feature related to the reservoir.
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Figure 5-14a: P-values for Oil Production using Reservoir Properties for
PPEx_I

Figure 5-14b: P-values for Gas Production using Reservoir Properties for
PPEx_I
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Figure 5-14c: P-values for Water Production using Reservoir Properties for
PPEx_I

Taking p-values for oil production prediction, for example, Figure 5-14a
shows that the PPEx_I model was able to outperform itself by 96% of the time
after breaking the correlation between bottom hole pressure (BHP) and
cumulative oil production. Therefore, as seen in the figures above, most reservoir
– related property show a low level of importance in describing the physical
system for which this expert system was developed.
It is important to note, however, that establishing a strong correlation
between a feature and the response is not sufficient to establish causal relationship
between same pair. Also note that a typical permutation test on features is used
to prune the number of features, but this is not the case for this study as very few
features are utilized from the outset.
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5.2.6

Randomness Test
To estimate the variation in data samples utilized for training PPEx_I and

its effect on the accuracy of the expert system, the randomness test was
performed. This involves creating bootstrap replicates of the training data set
(with each bootstrap replicate consisting of randomly selected samples with
replacement), which are then used to train the expert system. Therefore, for n
number of bootstrap replicates generated, there will be n number of expert
systems (all bootstrap expert systems have similar neural network architecture).
All developed bootstrap expert systems are subsequently tested on the same
testing data set, and the variation in accuracy is analysed.
74 bootstrap replicates were generated for this test, and each expert system
was tested on a dataset of 553 samples. Figure 5-15 shows the average prediction
error over all testing data samples for each bootstrap expert system. The 95%
confidence intervals for the mean are also shown. These results show very little
influence of the variation in data samples on the accuracy of the expert system.

Figure 5-15a: Mean Absolute Oil Prediction Errors with Confidence
Intervals for Bootstrap Models over all Testing Samples for PPEx_I
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Figure 5-15b: Mean Absolute Gas Prediction Errors with Confidence
Intervals for Bootstrap Models over all Testing Samples for PPEx_I

Figure 5-15c: Mean Absolute Water Prediction Errors with Confidence
Intervals for Bootstrap Models over all Testing Samples for PPEx_I
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5.3

PRODUCTION PREDICTION EXPERT SYSTEM WITH RATESPECIFIED WELLBORE – PPEx_II
The PPEx system with an oil plateau rate specification (PPEx_II) is

designed to predict a time-series data of oil cumulative production, gas
cumulative production, water cumulative production, and wellbore bottom hole
pressure for a period of 10 years in 30-day intervals from an advanced well
structure with oil plateau rate specified. For developing this expert system, the
feature space consists of well design parameters, specified oil plateau rate, rock
properties, relative permeability data, capillary pressure data, fluid properties, the
reservoir initial pressure and bubble point pressure, and the reservoir size and
thickness. With such rate-specified wells, production is sustained at the specified
rate (creating a plateau on a rate-time curve) up till a point when the reservoir
cannot produce at that rate. At this time, the specified rate can either be reduced,
or the wellbore flowing condition can be switched to pressure specification. In
most cases, as is with all wells used in developing this expert system, the wellbore
flowing condition is switched to absolute open-flow conditions (atmospheric
pressure, 14.70 psi).

5.3.1

Data Manipulation and Feature Engineering
In order to obtain satisfactory results, some data manipulation was applied

on the data set, and the feature space was expanded (functional links to the feature
space). Data manipulation techniques that were applied include:
 The cumulative gas production profile was divided by 1000 to reduce the
difference in scale of values between all profiles.
 The bottom hole pressure profile was multiplied by 10 to also reduce the
difference in scale of values between all profiles
 The bottom hole pressure profile was also inverted from bottom to top to
enable similar profile progression for all profiles.
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 The natural logarithm of the entire response space was utilized for this
study to reduce the scale of entire space.
Table 5-5 shows functional links that were utilized for this study. Each of
these functional links were heuristically determined to be suitable for aiding
learning, and all of them were added to the feature space.
It is important to state, at this point, that the addition of functional links is
always independent of the user of the tool.
Table 5-5: Functional Links for PPEx_II
FUNCTIONAL LINKS TO FEATURE SPACE
10% of min{ Kxm, Kym}
Total wellbore length
Eigenvalues{C} where C = [Kxf, Phimtrx; Kyf, Phifrac]
Eigenvalues{D} where D = [Pi, Pi; Qoplateau, Pb]
Eigenvalues{E} where E = [γg, Pi; API, Pb]
Square root {max (Kxf, Kyf) / Kzf}
Pi / Qoplateau
Pi / Pb
Soirw / Sorw
Kxf – Kyf
Kyf / Kxm
Eigenvalues{F} where F = [no, ng; nw, nog]
Kyf * 100
Ln (Kzf)
Kxf * 100
Ln (Kyf)
Ln (Kxf)
Kzf * 100
100 * H
Ln (A)
100 * A
Ln (H)
Eigenvalues{G} where G = [Kxf, H; Kyf, A]
Ln (Kxf * Frac_spacing)
Eigenvalues{H} where H = [Qoplat, sqrt(Kxf*Kyf); sqrt(Pi*Pb), API]
Ln [(Pi – Pb) / Pi]
Time to End of Plateau
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5.3.2

Network Architecture for PPEx_II
Figure 5-16 gives a schematic of the PPEx_II system, while Table 5-6

details more information regarding the neural network architecture.

Figure 5-16 Structure of PPEx_II (Rate-Specified Wellbores)

Table 5-6: Neural Network Architecture Details for PPEx_II
NEURAL NETWORK PARAMETER
Network Type

Feed-forward with back Propagation

Number of Hidden Layers

4

Number of Neurons for hidden layers

[ 74, 69, 60, 45 ]

Number of Case scenarios

4371

Train, Validate, Test Ratio (%)

[78, 21, 1]

Training Function

Scaled Conjugate Gradient

Transfer Functions

[ Logsig, Tansig, Tansig, Tansig ]

Learning Function

Learngdm

Performance Function

Mean Square Error with Regularization

Minimum Performance goal

5E-05

Maximum Number of Validation Increase

1000

Maximum Number of Training Iterations

8000

Minimum Gradient Magnitude

1E-06
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The time to the end of the plateau as a functional link in the feature space,
as shown in Table 5-1, proved very useful for better predictions. However, the
challenge with this functional link for a user of this tool is that the time to the end
of the plateau is known only a posteriori. To circumvent this challenge, an expert
system (called TEPEx) was developed to predict the time to the plateau end for
each data sample. TEPEx works independently of the user, and utilizes the same
feature space (including functional links as shown in Table 5-1 but without the
time to the plateau end) unlike that of the PPEx_II system.
The response variable for TEPEx is the time to the end of the plateau, and
ranges from 1 day to 3600 days (and in intervals of 30 days). A 1-day time to the
end of the plateau means that the reservoir was not able to sustain the specified oil
plateau rate within the 1st day of production, while a 3600 – day time to the end
of the plateau suggests that the reservoir was able to sustain production at the
specified oil plateau rate beyond the 10-year period (this does not mean that the
plateau ended at 3600 days). The ratio of the oil production rate in day 1 to the
specified oil plateau rate for each case was utilized as a functional link to the
response space.

Predictions below 1 day were approximated as 1 day, and

predictions above 3600 days were approximated as 3600 days. Table 5-7 shows
details of the TEPEx neural network.

Table 5-7: Neural Network Architecture Details for TEPEx
Neural Network Parameters
Network Type

Feed-forward with back Propagation

Number of Hidden Layers

2

Number of Neurons for hidden layers

[ 74, 69]

Number of Case scenarios

5185

Train, Validate, Test Ratio (%)

[78, 21, 1]

Training Function

Scaled Conjugate Gradient

Transfer Functions

[Tansig, Tansig]
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Functional Links (to Response Space)

Qo at day 1 / Qoplateau

Learning Function

Learngdm

Performance Function

Mean Square Error with Regularization

Minimum Performance goal

5E-05

Maximum Number of Validation Increase

1000

Maximum Number of Training Iterations

8000

Minimum Gradient Magnitude

1E-06

Figure 5-17 below shows the work flow for the Production Prediction
Expert system (PPEx_II).

Figure 5-17: Work flow for Production Prediction Expert Sytem, PPEx_II

5.3.3

Generalization Test
A generalization test was conducted for the PPEx_II system. The test

utilized 644 data samples that were generated specifically for purposes of testing.
For each sample, the mean absolute errors (MAE) of prediction for each predicted
profile was determined. A summary of the results for this test is shown in Table
5-8 below.
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Table 5-8: Summary of Prediction Error for Generalization Test of PPEx_II
Variable Predicted

Error Ranges
Blind Data Set
(644 Cases)

Oil Production

1.19% – 37.21%

Water Production

1.23% – 35.64%

Gas Production

1.34% – 39.95%

Wellbore flowing Pressure

0.3% – 39.92%

Figure 5-18 shows histogram plots of prediction error for each profile,
with each showing a log-normal distribution. 95% confidence intervals (C.I
values) were estimated for the error distribution parameters for the blind test and
are given in Table 5-9.

Figure 5-18: Histogram Plots for Prediction Error of PPEx_II for Blind Test
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Table 5-9: Error Distribution Parameters for PPEx_II Blind Test
Parameters

Oil Cum.

Gas Cum.

Water Cum.

BHP

Mean

1.67

2.01

1.77

1.55

Lower C.I.

1.62

1.96

1.73

1.46

Upper C.I.

1.72

2.06

1.82

1.64

St. Deviation

0.65

0.65

0.61

1.19

Lower C.I.

0.61

0.62

0.58

1.13

Upper C.I.

0.69

0.69

0.65

1.26

The low mean values for all predictions is a good indication of the
effectiveness of this predictive model.

The bottom hole pressure (BHP)

prediction errors are spread out over wider ranges than other profiles as indicated
by the standard deviation.
Figure 5-19 to Figure 5-23 show sample plots of predictions by PPEx_II
from the generalization test . For each figure, plots of target and predicted oil
cumulative production, gas cumulative production, water cumulative production,
and bottom-hole pressure profiles are shown with their corresponding MAE
values.

It should be noted that for BHP profiles, predicted values below

atmospheric pressure were approximated as 14.69 psi (pressures below
atmospheric pressure is unrealizable for a well system). Figure 5-24 shows the
advanced well structures that generated the profiles. The features for each case
shown below is given in Appendix A. Distribution of prediction error values
with specific features are also given in Appendix A.

- 82 -

Figure 5-19: PPEx_II Prediction Sample Plot 1

Figure 5-20: PPEx_II Prediction Sample Plot 2
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Figure 5-21: PPEx_II Prediction Sample Plot 3

Figure 5-22: PPEx_II Prediction Sample Plot 4
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Figure 5-23: PPEx_II Prediction Sample Plot 5

Figure 5-24: Advanced Wellbore Structures for Sample Plots
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5.3.4

Sensitivity Analysis
The procedure as conducted for PPEx_I was also applied to PPEx_II.

Figure 5-25 to Figure 5-27 present the findings for selected features. For each
feature,

two

cases

selected

randomly

are

displayed.

In Figure 5-25, the response of the system is consistent with increasing oil plateau
rate as is expected. In Figure 5-26a, a change in bubble point pressure causes
very little change in oil production.

This is also expected because the oil

production rate is fixed at the plateau rate for this instance. However, for the
same system, gas cumulative production increases as bubble point pressure
increases, as shown in Figure 5-26b, which is consistent with what is known of
the mechanism of flow in undersaturated reservoirs. A similar behavior can be
found for changes to the initial pressure of the reservoir, which, for the amount of
change, has very little effect on oil cumulative production for the early years
[Figure 5-27a], but has a higher influence on the bottom hole pressure [Figure 527b].
The little change in oil cumulative production, especially for the early
years, was characteristic of the response of the expert system to changes in
features, except oil plateau rate. This is because, after all, the oil plateau rate is
fixed for the system, and will only drop when the reservoir system can no longer
sustain production at the specified rate.
consistency.
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All these are a good indication of

Figure 5-25: PPEx_II Predictions with Changing Oil Plateau Rate

Figure 5-26a: PPEx_II Predictions with Changing Bubble Point Pressure
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Figure 5-26b: PPEx_II Predictions with Changing Bubble Point Pressure

Figure 5-27a: PPEx_II Predictions with Changing Initial Pressure
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Figure 5-27b: PPEx_II Predictions with Changing Initial Pressure

5.3.5

Feature Importance
As was applied to PPEx_I, a similar test was applied to PPEx_II. An

estimation of the importance of the reservoir properties was performed using
permutation tests. Each feature related to the reservoir was permuted 50 times.
After each permutation, a model was built on the permuted data set and tested on
a dataset dedicated for testing purposes. The accuracy of each model built with
permuted data was compared with the accuracy of the model built without
permuted data to generate p-values. Figure 5-28 shows plot of p-values for all
predicted profiles and for each feature related to the reservoir.
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Figure 5-28a: P-values for Oil Production using Reservoir Properties for
PPEx_II

Figure 5-28b: P-values for Gas Production using Reservoir Properties for
PPEx_II
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Figure 5-28c: P-values for Water Production using Reservoir Properties for
PPEx_II

The figures above give an indication of the importance of each feature in
the learning process. For example, Figure 5-28a shows that, for the plateau rate,
the PPEx_II model was able to outperform itself by only 57% of the time after
breaking the correlation between plateau rate and cumulative oil production.
Therefore, as seen in the figures above, only a couple of reservoir – related
property show a high level of importance in describing the physical system for
which this expert system was developed.
Again, it should be noted that establishing a strong correlation between a
feature and the response is not sufficient to establish causal relationship between
same pair.

5.3.6

Randomness Test
In the randomness test conducted for PPEx_II, 30 bootstrap replicates

were generated, and each expert system was tested on a dataset of 668 samples.
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Figure 5-29 shows the average prediction error over all testing data samples for
each bootstrap expert system. The 95% confidence intervals for the mean are also
shown. These results show very little influence of the variation in data samples
on the accuracy of the expert system.

Figure 5-29a: Mean Absolute Oil Prediction Errors with Confidence
Intervals for Bootstrap Models over all Testing Samples for PPEx_II

Figure 5-29b: Mean Absolute Gas Prediction Errors with Confidence
Intervals for Bootstrap Models over all Testing Samples for PPEx_II
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Figure 5-29c: Mean Absolute Water Prediction Errors with Confidence
Intervals for Bootstrap Models over all Testing Samples for PPEx_II

Figure 5-29d: Mean Absolute Bottom Hole Pressure Prediction Errors with
Confidence Intervals for Bootstrap Models over all Testing Samples for
PPEx_II
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Chapter 6
WELL DESIGN EXPERT SYSTEMS

6.1

INTRODUCTION
In field development planning, consideration is given for every factor that

is necessary to successfully and economically exploit the field. One major part of
the process is selecting the kind of well and the well design to use. Factors such
as the type of reservoir, produced fluid type and amount, size of the estimated
drainage area, proximity of the well location to protected habitats, among others,
all influence the decision on what type of well design and completion to deploy to
any field.

Multiple scenarios of production techniques are analysed through

conducting numerical reservoir simulations till a satisfactory design is achieved.
In this chapter, discussions and results will be presented for the Well Design
Expert Systems developed to predict designs of advanced well structures for tight
multi-phase, dual- permeability reservoirs, given that a specific production profile
is desired.

6.2

WELL DESIGN EXPERT SYSTEM WITH PRESSURESPECIFIED WELLBORE – WDEx_I
The Well Design Expert system is developed to predict a wellbore design

that can meet a target oil cumulative production profile.

As previously stated,

this is useful for an important part of oil exploration called field development
planning. For WDEx_I model, the oil production profile is defined as a timeseries data for a 10-year period in intervals of 30 days. This profile, together with
information about the reservoir for which a well design is sought after and an
estimate of the total wellbore length desired, make up the feature space for the
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expert system. The specified wellbore flowing pressure is also part of the feature
space. As a response, well design parameters are predicted such as the horizontal
mainbore length, the number of laterals, the length of each lateral and spacing
from other laterals, and the direction of each lateral. The expert system also
predicts estimates of gas cumulative production, and water cumulative production
for the specified system. All predicted wellbores are placed in the center of the
defined drainage area.

6.2.1

Data Manipulation and Feature Engineering
Some data manipulation was applied to the dataset to improve results. In

particular, the natural logarithm of all the production profiles was used in place of
actual profiles.

Lateral directions were also represented as +2 and +4 for

northward and southward pointing laterals respectively. Functional links were
also added to the output layer. Table 6-1 gives a list of these functional links.
Table 6-1: Functional Links for WDEx_I
FUNCTIONAL LINKS TO OUTPUT LAYER
Exp (Kxf)
Exp (Kyf)
Exp (Kzf)
Exp (Kxm)
Exp (Kym)
BHP / Initial Flow Rate
Sum [Soirw,Sorw,no,nw,Soirg,Sorg,Sgcon,Sgcrit]
Ln {ng}
Pi / Pb
Ln {nog}

6.2.2

Network Architecture for WDEx_I
Figure 6-1 and Table 6-2 give details regarding the network architecture

for the WDEx_I model. The total wellbore length as part of the feature space may
sound counter-intutive at first. But from the perspective of the engineer, this can
be seen as a form of optimization, that is, having the least amount of wellbore
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length for meeting the desired production target. Therefore, an estimate of what
the desired total wellbore length is would help to constrain the expert system to
think in the direction of least total wellbore length.

Figure 6-1: Structure of WDEx_I

Table 6-2: Neural Network Architecture Details for WDEx_I
NEURAL NETWORK PARAMETER
Network Type

Feed-forward with back Propagation

Number of Hidden Layers

4

Number of Neurons for hidden layers

[ 98, 79, 68, 52 ]

Number of Case scenarios

1693

Train, Validate, Test Ratio (%)

[78, 21, 1]

Training Function

Scaled Conjugate Gradient

Transfer Functions

[ Tansig, Tansig, Tansig, Tansig ]

Learning Function

Learngdm

Performance Function

Mean Square Error with Regularization

Minimum Performance goal

5E-05

Maximum Number of Validation Increase

1000

Maximum Number of Training Iterations

8000

Minimum Gradient Magnitude

1E-06
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The WDEx_I model can be seen as an inverse-acting model, relative to the
PPEx models. This poses a unique challenge on evaluation methods due to the
non-uniqueness of solutions it will generate.

Therefore, no feature importance

test was conducted for this expert sytem.

6.2.3

Generalization test
As described previously, for inverse problems such as this, each predicted

wellbore design is run on a high fidelity simulator using same reservoir
properties. Production profiles from this run is then compared with the target
production profile. Comparison is also made between both profiles as described
above and the production profiles predicted by the expert system for gas, and
water cumulative production.
The generalization test conducted on WDEx_I utilized 554 data samples
that were generated specifically for purposes of testing. For each sample, the
mean absolute errors (MAE) from comparing production profiles for each
predicted wellbore was determined.

A summary of the test results is shown in

Table 6-3 below. The results shown are for comparison between the target
production profile and the production profile from the predicted wellbore design.

Table 6-3: Summary of Error from Profile Comparisons for Generalization
Test of Wdex_I
Profile Compared

Error Ranges
Blind Data Set
(554 Cases)

Oil Production

0.09% - 75.85%

Water Production

0.08% - 75.82%

Gas Production

0.09% - 75.85%
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Figure 6-2 shows histogram plots of error from production profile
comparisons for the generalization test, showing a log-normal distribution. As
can be seen from the frequency distribution plots, there are a few cases with a
100% absolute prediction error. This occurred because the network predicted an
advanced well structure that shot out of the drainage area, which did not allow for
running simulation with the well structure on a high fidelity simulator, hence a
total absence of data for comparison. The network was found to occasionally
behave in this manner particularly for cases with very wide-reaching wellbore
structures, with extremes that are very close to the boundaries of the drainage
area. The error data from such cases have been excluded from this report, except
in the histogram and error distribution plots. Confidence intervals of 95% (C.I
values) were estimated for the error distribution parameters for the blind test and
are given in Table 6-4.

Figure 6-2: Histogram Plots for Profile Comparisons Error of WDEx_I
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Table 6-4: Error Distribution Parameters for WDEx_I Blind Test
Parameters

Oil Cum.

Gas Cum.

Water Cum.

Mean

1.53

1.53

1.51

Lower C.I.

1.42

1.42

1.40

Upper C.I.

1.63

1.63

1.61

St. Deviation

1.21

1.21

1.23

Lower C.I.

1.14

1.14

1.16

Upper C.I.

1.29

1.29

1.31

The values for the mean and standard deviation of the lognormal
distribution of errors for all profiles are low which is a good indication of the
ability of the expert system to generalize.
Figure 6-3 to Figure 6-7 show sample plots of predictions by WDEx_I
from the generalization test . For each figure, the desired (target) production
profile, the profile from the predicted well structure (ANN-WD), and predicted
profiles by the expert system (ANN - for gas and water production only), are
shown with their corresponding MAE values. Error1 in the plot represents the
prediction error between the production profile from the predicted wellbore and
the desired profile, while Error2 represents the prediction error between the
predicted production profile and the desired profile (for oil and gas only). Each
figure also shows the original wellbore structure that generated the desired profile,
and the predicted wellbore structure by the expert system. Information about the
total wellbore lenghts, and the specified botton hole flowing pressure are given
also.

The features for each case, and more information about the wellbore

structures shown below are given in Appendix A. Distribution of prediction error
values with specific features are also given in Appendix A.
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Figure 6-3: WDEx_I Prediction Sample Plot 1

Figure 6-4: WDEx_I Prediction Sample Plot 2
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Figure 6-5: WDEx_I Prediction Sample Plot 3

Figure 6-6: WDEx_I Prediction Sample Plot 4
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Figure 6-7: WDEx_I Prediction Sample Plot 5

These results show very close match between target profiles and profiles
from predicted wellbores.

In many instances, the predicted wellbore had a

smaller value of the total wellbore length than the target wellbore. This benefits
the economic viability of drilling such advanced well structures, as shorter
wellbores mean smaller drilling expense.

6.2.4

Sensitivity Analysis
The WDEx_I model was tested for sensitivity by varying the target oil

cumulative profile by a certain amount and then comparing the predicted
advanced well structure (keeping reservoir properties constant). In particular, the
total wellbore length was the parameter for comparison. With changing target
cumulative production profile, and keeping every other parameter constant, it is
expected that the predicted wellbore design will change in the same direction
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(increasing or decreasing). Two data samples were selected randomly for this
test.
As a first test, all data points for target cumulative production of sample I
and sample II were decreased from their respective base cases by 1000 STB and
500 STB respectively. In the second test, all data points for target cumulative oil
production of sample I and sample II were increased from their respective base
cases by 1000 STB and 500 STB respectively. Table 6-5 gives details of the
ensuing changes in total wellbore length for each sample. Figure 6-8 shows the
changes to the wellbore structures, while Figure 6-9 shows the plots of target
cumulative oil production for both samples for the base case.

Table 6-5: Change in Total Wellbore Length for Change in Target
Production

Base Case
Case I
5278
Base Case
Case II
10850

TOTAL WELLBORE LENGTHS, FT
Prediction for
Prediction for
Prediction for
Base Case
Base – 1000 STB Base + 1000 STB
5145
4629
5127
Prediction for
Base Case
10387

Prediction for
Base – 500 STB
10097
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Prediction for
Base + 500 STB
10250

Figure 6-8: Changes to Predicted Wellbore Design with Changing Target
Profile

Figure 6-9: Base Cases Target Cumulative Oil Production
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A look at the table and figure above shows that the expert system behaves
as expected.

With changing target oil cumulative production profile, the

predicted advanced wellbore structure changes reasonably.

The magnitude of

change in total wellbore length is many times offset by changes in other design
parameters such as increased or decreased lateral spacing or the number of
laterals. This is a result of the inverse nature of the problem. But generally, the
expert system responds reasonably.
Considering Figure 6-9, it should be noted that the magnitude of
difference in total wellbore lengths between case I and case II is due to the
tightness of the reservoir system. The fracture permeabilities for case I in the
major axes are [1.6, 2.0, 0.1] md, while those of case II are [0.42, 0.81, 0.051]md.
Therefore case I requires less contact with the reservoir to achieve relatively high
production than case II does.

6.2.5

Randomness Test
Similar to the PPEx models, the variation in data samples utilized for

training WDEx_I and its effect on the accuracy of the expert system was
estimated by performing the randomness test. Bootstrap replicates were created
using the training data set (with each bootstrap replicate consisting of randomly
selected samples with replacement). These replicates are then used to train the
expert system. Therefore, for n number of bootstrap replicates generated, there
will be n number of expert systems (all bootstrap expert systems have similar
neural network architecture).

The developed bootstrap expert systems are

subsequently tested on the same testing data set, and the variation in accuracy is
analysed from comparing profiles from predicted wellbores to the target profiles.
30 bootstrap replicates were generated for this test, and each expert system
was tested on a dataset of 45 samples. Figure 6-10 shows the average profile
comparisons errors over all testing data samples for each bootstrap expert system.
The 95% confidence intervals for the mean are also shown. These results show
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very little influence of the variation in data samples on the accuracy of the expert
system.

Figure 6-10a: Mean Absolute Oil Comparison Errors with Confidence
Intervals for Bootstrap Models over all Testing Samples for WDEx_I

Figure 6-10b: Mean Absolute Gas Comparison Errors with Confidence
Intervals for Bootstrap Models over all Testing Samples for WDEx_I
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Figure 6-10c: Mean Absolute Water Comparison Errors with Confidence
Intervals for Bootstrap Models over all Testing Samples for WDEx_I

6.3

WELL DESIGN EXPERT SYSTEM FOR RATE-SPECIFIED
WELLBORE – WDEx_II
The Well Design Expert system with rate-specified wellbore is developed

to predict a wellbore design that can meet a target oil cumulative production
profile, except rate specification is the wellbore condition. For WDEx_II model,
the oil production profile is defined as a time-series data for a 10-year period in
intervals of 30 days. This profile, together with information about the reservoir
for which a well design is sought after and an estimate of the total wellbore length
desired, make up the feature space for the expert system. The specified wellbore
plateau rate is also part of the feature space.

As a response, well design

parameters are predicted such as the horizontal mainbore length, the number of
laterals, the length of each lateral and spacing from other laterals, and the
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direction of each lateral.

The expert system also predicts estimates of gas

cumulative production, water cumulative production, and bottom hole pressure
profile for the specified system. All predicted wellbores are placed in the center
of the defined drainage area.

6.3.1

Data Manipulation and Feature Engineering
The natural logarithm of all fluid and pressure profiles was taken and used

in the training process. Lateral directions were also represented as +2 and +4 for
northward and southward pointing laterals respectively. Both the feature space
and response surface were also expanded to include functional links as shown in
Table 6-6 below.

Table 6-6: Functional Links for WDEx_II
FUNCTIONAL LINKS TO INPUT
LAYER
Eigenvalues{A}
where A = [Kxf, Kyf; Pi, Pb]

6.3.2

FUNCTIONAL LINKS TO OUTPUT
LAYER
Ln (Qoi) {Qoi is specified oil rate}
Ln (Kxf)
Ln (Kyf)
Sqrt (Kxf * Kyf)
Eigenvalues{B}
where B = [Kxf, Kyf; exp(Qoi), Pi]
Eigenvalues{C}
where C = [Qoi, Pi; NL, Pb]
Eigenvalues{D}
where D = [MBL, NL; Kxf, Kyf]

Network Architecture for WDEx_II
Figure 6-11 and Table 6-7 give details regarding the network architecture

for the WDEx_II model. Again, even though the total wellbore length as part of
the feature space may sound counter-intutive, an estimate of what the desired total
wellbore length is helps to constrain the expert system to think in the direction of
least total wellbore length.
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Figure 6-11: Structure of WDEx_II

Table 6-7: Neural Network Architecture Details for WDEx_II
NEURAL NETWORK PARAMETER
Network Type
Number of Hidden Layers
Number of Neurons for hidden layers
Number of Case scenarios
Train, Validate, Test Ratio (%)
Training Function
Transfer Functions
Learning Function
Performance Function
Minimum Performance goal
Maximum Number of Validation Increase
Maximum Number of Training Iterations
Minimum Gradient Magnitude

Feed-forward with back Propagation
4
[ 98, 79, 68, 52 ]
5278
[78, 21, 1]
Scaled Conjugate Gradient
[ Logsig, Logsig, Tansig, Logsig]
Learngdm
Mean Square Error with Regularization
5E-05
1000
8000
1E-06

The WDEx_II model can be seen as an inverse-acting model, relative to
the PPEx models, and the attendant non-uniqueness of its solutions poses a
challenge on evaluation methods.

Therefore, no feature importance test was

conducted for this expert system.
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6.3.3

Generalization Test
393 data samples were generated specifically for purposes of testing. For

each sample, the mean absolute errors (MAE) from comparing production profiles
for each predicted wellbore was determined.

A summary of the results for the

test is shown in Table 6-8 below. The results shown are for comparison between
the target production profile and the production profile from the predicted
wellbore design after it is run on a high fidelity simulator.
Table 6-8: Summary of Error from Profile Comparisons for Generalization
Test of WDEx_II
Profile Compared

Error Ranges
Blind Data Set (393 Cases)

Oil Production
Water Production

0.00 % - 21.70%
0.00% - 21.01%

Gas Production
BHP Profile

0.00% - 53.91%
0.00% - 160.20%

Figure 6-12 shows histogram plots of errors from comparing production
profiles for the generalization test, with each showing a lognormal distribution.
95% confidence intervals (C.I values) were estimated for the error distribution
parameters and are given in Table 6-9. Cases with zero values were omitted in
estimating distribution parameters.
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Figure 6-12: Histogram Plots for Profile Comparison Error of WDEx_II

Table 6-9: Error Distribution Parameters for WDEx_II Blind Test
Parameters

Oil Cum.

Gas Cum.

Water Cum.

BHP

Mean

0.53

1.68

0.79

1.55

Lower C.I.

0.29

1.53

0.62

1.36

Upper C.I.

0.76

1.84

0.96

1.75

St. Deviation

1.89

1.26

1.40

1.60

Lower C.I.

1.74

1.16

1.29

1.47

Upper C.I.

2.07

1.38

1.53

1.76

Figure 6-13 to Figure 6-17 show sample plots of predictions by
WDEx_II from the generalization test . For each figure, the desired (target)
production profile, the profile from the predicted well structure (ANN-WD), and
predicted profiles by the expert system (ANN - for gas and water production, and
bottom hole pressure only), are shown with their corresponding MAE values.
Error1 in the plot represents the comparison error between the production profile
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from the predicted wellbore and the desired profile, while Error2 represents the
comparison error between the predicted production profile and the desired profile
(for gas, water, and bottomhole pressure only). The second part of each figure
shows the original wellbore structure that generated the desired profile, and the
predicted wellbore structure by the expert system. Information about the total
wellbore lenghts, and the specified botton hole flowing pressure are given also.
The features for each case, and more information about the wellbore structures
shown below are given in Appendix A. Distribution of prediction error values
with specific features are also given in Appendix A.

Figure 6-13a: WDEx_II Prediction Sample Plot 1
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Figure 6-13b: WDEx_II Well Designs for Sample Plot 1

Figure 6-14a: WDEx_II Prediction Sample Plot 2
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Figure 6-14b: WDEx_II Well Designs for Sample Plot 2

Figure 6-15a: WDEx_II Prediction Sample Plot 3
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Figure 6-15b: WDEx_II Well Designs for Sample Plot 3

Figure 6-16a: WDEx_II Prediction Sample Plot 4
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Figure 6-16b: WDEx_II Well Designs for Sample Plot 4

Figure 6-17a: WDEx_II Prediction Sample Plot 5
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Figure 6-17b: WDEx_II Well Designs for Sample Plot 5

As can be seen from most of the comparison plots, the predicted wellbore
has a smaller total wellbore length than the original target wellbore. Again, this
benefits the economics of drilling these well structures.

6.3.4

Sensitivity Analysis
In carrying out a sensitivity analysis for WDEx_II, the values of

selected reservoir properties were changed by a certain amount whilst keeping the
desired cumulative production profile unchanged. The predicted advanced well
structure after the change is then compared with the well structure before the
change of values (keeping other reservoir properties constant). In particular, the
total wellbore length and the sum of lateral spacing were the parameters for
comparison. The rock permeabilities (fracture and matrix) were changed for this
test. It is expected that changing reservoir flow capacity while keeping every
other parameter constant and still demanding for the same production profile,
should result in a predicted wellbore design that adjusts in the opposite direction
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of the change of rock properties (increasing or decreasing). In other words,
increasing or decreasing rock permeabilities should result in decreasing or
increasing wellbore design respectively, if every other parameter is kept constant.
Two data samples were selected randomly for this test.
For the first scenario, all reservoir rock permeability values of the base
case were reduced by dividing them by 2. In the second scenario, the base case
rock permeability values were increased by multiplying them by 1.5.

Table 6-

10 gives details of the ensuing changes to total wellbore length for each sample.
Figure 6-18 shows the changes to the wellbore structures, while Figure 6-19
shows the plots of target cumulative oil production for both samples for all
scenarios.

Table 6-10: Change in Total Wellbore Length and Total Lateral Spacing
for Change in Rock Permeabilities
Case I

Case II

Rock

Base

Base Case

Base Case

Base

Base Case

Base Case

Properties

Case

divided by

multiplied by

Case

divided by

multiplied by

2

1.5

2

1.5

Kxf (md)

5.36

2.68

8.04

3.63

1.81

5.44

Kyf (md)

4.27

2.13

6.40

5.33

2.66

7.99

Kzf (md)

0.47

0.23

0.70

0.47

0.24

0.71

Kxm (md)

0.067

0.033

0.100

0.099

0.050

0.149

Kym (md)

0.086

0.043

0.128

0.079

0.039

0.119

Total Wellbore

11992

12531

11355

6056

6704

5604

1609

1679

1524

687

767

635

Length (ft)
Total Lateral
Spacing (ft)
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Figure 6-18: Predicted Wellbore Designs with Changing Rock
Permeabilities

Figure 6-19a: Cumulative Oil Production for all scenarios for Case I
- 119 -

Figure 6-19b: Cumulative Oil Production for all scenarios for Case II

The expert system behaves as expected. A reduction in the flow capacity
(rock permeability) of the reservoir whilst maintaining a desired production forces
the system to expand the reach of the advanced wellbore structure, as can be seen
in the values of total wellbore length and total lateral spacing. The opposite
behavior is displayed with an increase in flow capacity. With changing target oil
cumulative production profile, the predicted advanced wellbore structure changes
reasonably. In many instances, the magnitude of change in total wellbore length
is many times offset by changes in other design parameters such as increased or
decreased lateral spacing or the number of laterals, or even the direction of
laterals. This is a result of the inverse nature of the problem. But generally, the
expert system responds reasonably.
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6.3.5

Randomness Test
30 bootstrap replicates were generated for this test, and each expert system

was tested on a dataset of 54 samples. Figure 6-20 shows the average profile
comparisons errors over all testing data samples for each bootstrap expert system,
and the 95% confidence intervals for the mean. As with previous expert systems,
these results show very little influence of the variation in data samples on the
accuracy of the expert system.

Figure 6-20a: Mean Absolute Oil Comparison Errors with Confidence
Intervals for Bootstrap Models over all Testing Samples for WDEx_II
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Figure 6-20b: Mean Absolute Gas Comparison Errors with Confidence
Intervals for Bootstrap Models over all Testing Samples for WDEx_II

Figure 6-20c: Mean Absolute Water Comparison Errors with Confidence
Intervals for Bootstrap Models over all Testing Samples for WDEx_II
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Figure 6-20d: Mean Absolute BHP Comparison Errors with Confidence
Intervals for Bootstrap Models over all Testing Samples for WDEx_II
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Chapter 7
HISTORY MATCHING EXPERT SYSTEMS

7.1

INTRODUCTION
History matching is the process through which information regarding

reservoir properties is refined by matching the production history of a well with
results from numerical models created with estimates of the reservoir properties
of interest.

Through this inverse-fitting procedure, the engineer refines his

estimates and locks in on the actual values of the reservoir properties as better
production data match is achieved. As was stated earlier, it is important to note
that the results of a history matching exercise may not be the true values of the
reservoir properties, even though a production data match is achieved. This is due
to the inverse nature of the problem. In any case, the desire is to get close enough
to the true values. Also note that the process of history matching requires that all
of the mechanisms at play in the reservoir are accounted for in the numerical
models developed for this exercise.
This chapter discusses the History Matching Expert Systems developed
for estimating reservoir properties in tight, multi-phase, dual-permeability
reservoirs.

7.2

HISTORY MATCHING EXPERT SYSTEM FOR PRESSURESPECIFIED WELLBORES – HMEx_I
The History Matching Expert System for pressure-specified wellbore

conditions is developed to predict reservoir properties given the historical
production data from the producing advanced well structure, and the design
parameters of the well itself. Predicted properties include x, –y, and –z fracture
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permeabilities, x, and – y matrix permeabilities, matrix porosity, fracture porosity,
natural fracture spacing, the reservoir thickness, and reservoir drainage area. The
feature space is made up of the advanced well structure design parameters and the
specified wellbore pressure condition; some reservoir properties such as relative
permeability information, capillary pressure data, fluid properties, initial reservoir
pressure, and the bubble point pressure; and production history data of three years
of oil, gas, and water cumulative production in 30-day intervals. For this expert
system, the minimum initial flowrate possible for use was made to be 5 bbl/day.
The decision to utilize three years of production data was due to two
factors. Firstly, cognizance of the fact that history matching needs to be
performed as early as possible in the life of the reservoir suggests that ten years
(as previously used in other expert systems) will be too long a time period to
make the developed expert system readily useful. Secondly, it is supposed that
three years is enough time for the reservoir to have reached pseudo-steady state
conditions, which is key to a meaningful history matching. Even though some of
the cases did not reach pseudo-steady state conditions (mostly the ultra-tight
reservoirs), the expert system was developed based on three years production
history data regardless.

7.2.1

Data Manipulation and Feature Engineering
The natural logarithm of all production profiles was utilized for training

the expert systems.

Similarly, the natural logarithm of all variables in the

response space was utilized. Reservoir properties with relatively low values, such
as matrix permeabilities, and matrix and fracture porosities, were transformed by
multiplying the inverse of their values by 0.01 before taking their natural
logarithm. Lateral directions were represented as in WDEx_I and WDEx_II.
The feature space was expanded by adding the profile of percentage water
cut (that is, water production as a percentage of total fluid production) for each
case to its feature vector. No expansion was performed on the response space.
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7.2.2

Network Architecture for HMEx_I
Figure 7.1 and Table 7.1 give details of the neural network architecture

for HMEx_I.

Figure 7-1: Structure of HMEx_I

Table 7-1: Neural Network Architecture Details for HMEx_I
NEURAL NETWORK PARAMETER
Network Type
Number of Hidden Layers
Number of Neurons for hidden layers
Number of Case scenarios
Train, Validate, Test Ratio (%)
Training Function
Transfer Functions
Learning Function
Performance Function
Minimum Performance goal
Maximum Number of Validation Increase
Maximum Number of Training Iterations
Minimum Gradient Magnitude

Feed-forward with back Propagation
5
[ 25, 31, 40, 46, 53 ]
6127
[80, 19, 1]
Scaled Conjugate Gradient
[ Tansig, Tansig, Tansig, Tansig, Logsig ]
Learngdm
Mean Square Error with Regularization
5E-05
1000
8000
1E-06
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No feature importance estimation was conducted for HMEx_I because of
the inverse-acting nature of the expert system.

7.2.3

Generalization Test
The History Matching Expert system acts in inverse direction, relative to

the performance prediction experts. Therefore, the predicted properties for each
testing data case were put into a high fidelity simulator together with the wellbore
design and other known reservoir properties. The result of this simulator run was
then compared with the target production history data for the testing data case.
The generalization test conducted for the HMEx models also afforded an
opportunity to test the efficacy of the Performance Prediction Expert systems
(PPEx). This is necessary because, from an end-user’s perspective, the PPEx
systems will be used concurrently with the HMEx to validate predicted reservoir
properties through the matching exercise. Therefore, predictions for each testing
data case by the HMEx were coupled with its corresponding wellbore design and
known reservoir properties, and all of these were fed to the PPEx_I. Comparison
was subsequently made between the target production history data and the
predictions of the PPEx_I for each testing case.
59 data samples were generated specifically for purposes of testing. For
each sample, the mean absolute errors (MAE) from comparing production profiles
for each predicted set of reservoir properties was determined. A summary of the
results is shown in Table 7-2 below. The results shown are for comparison
between the target production profile and the production profile from the
predicted wellbore design after it is run on a high fidelity simulator. From the
table below, it is seen that the expert system stands the test of generalization.
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Table 7-2: Summary of Error from Profile Comparisons for Generalization
Test of HMEx_I
Profile Compared

Error Ranges
Blind Data Set (59 Cases)

Oil Production
Water Production

0.61 % - 41.70%
1.40% - 45.00%

Gas Production

0.61% - 50.01%

Figure 7-2 shows histogram plots of errors from comparing production
profiles for the generalization test, with each showing a lognormal distribution.
95% confidence intervals (C.I values) were estimated for the error distribution
parameters and are given in Table 7-3.

Figure 7-2: Histogram Plots for Profile Comparison Error of HMEx_I
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Table 7-3: Error Distribution Parameters for HMEx_I Blind Test
Parameters

Oil Cum.

Gas Cum.

Water Cum.

Mean

1.93

1.93

1.93

Lower C.I.

1.67

1.68

1.72

Upper C.I.

2.18

2.19

2.15

St. Deviation

0.97

0.97

0.82

Lower C.I.

0.82

0.82

0.70

Upper C.I.

1.18

1.18

1.01

Figure 7-3 to Figure 7-7 show sample plots comparing profiles from
predicted reservoir properties versus target production history data from the
generalization test . For each figure, the desired (target) production profile to be
matched, the profile from the predicted set of reservoir properties (ANN-RP), and
predicted profiles by the forward-acting Performance Prediction Expert system
(FwdANN), are shown with their corresponding MAE values. Error1 in the plot
represents the comparison error between the production profile from the predicted
set of reservoir properties and the target production profile, while Error2
represents the profile comparison error between the production profile predicted
by PPEx_I using the same predicted reservoir properties and the target profile.
The inset in each figure contains information regarding the target reservoir
properties, the predicted reservoir properties, and the percentage difference
between both.

The features for each case, and more information about the

wellbore structures, shown below are given in Appendix A. Distribution of
prediction error values for specific features are also given in Appendix A.
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Figure 7-3: HMEx_I Prediction Sample Plot 1

Figure 7-4: HMEx_I Prediction Sample Plot 2
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Figure 7-5: HMEx_I Prediction Sample Plot 3

Figure 7-6: HMEx_I Prediction Sample Plot 4
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Figure 7-7: HMEx_I Prediction Sample Plot 5

As can be seen, in some cases where there is a seemingly huge difference
between the target reservoir property and the predicted reservoir property, the
comparison of production profiles from both still show close match. This is a
classic show of non-uniqueness due to the inverse nature of the problem. In any
case, the expert system is effective in predicting reservoir properties to match
production history data

7.2.4

Sensitivity Analysis
As in previously discussed expert systems, a sensitivity analysis study was

conducted on HMEx_I.

This study was aimed at testing for consistency, and

practicality of the developed expert system, and its sensitivity to changes in input
parameters. Three testing cases were selected as base cases, each from which two
scenarios were developed. In the first scenario, the well design was made smaller
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by decreasing the number of laterals by two whilst keeping the known reservoir
properties, the specified flowing pressure and the production profiles unchanged
from the base case. The second scenario had the number of laterals increased by
two, again whilst keeping every other parameter and production profiles
unchanged. For the added laterals in the latter scenario, constant values of 500ft
and 100ft were used for the lateral lengths and lateral spacings respectively.
For each scenario, it is expected that the predicted reservoir rock
properties and size will change from the base case to reflect the change in the well
design. In other words, reducing the size of the wellbore, whilst maintaining the
same specified wellbore pressure and supposing the same production profiles as
the base case, should force the expert system to assume, and accordingly predict,
increased values of rock properties and reservoir size as compared to the base
case. The opposite of this behavior is expected for an increase in the size of the
wellbore. Table 7-4 gives details of the ensuing changes in predicted reservoir
properties, while Figure 7-8 shows the plots of target cumulative oil production
for all scenarios of the three cases.

Table 7-4: Change in Predicted Reservoir Properties for Change in Well
Design Parameters
Well Des.
Parameter
No. of
Laterals
Total
Wellbore
Length
Total Lat.
Spacing
Kxf (md)
Kyf (md)
Kzf (md)
Kxm (md)
Kym (md)
Φm
Φf
N. Frac Sp
H
A

Base
Case
6

Case I
Scenario
1
4

Scenario
2
8

Base
Case
5

Case II
Scenario
1
3

Scenario
2
7

Base
Case
3

8970

7857

9970

7055

4623

8055

5479

2755

6479

954

310

1154

1207

812

1407

667

120

866

0.0052
0.0052
6E-04
9E-05
7E-05
0.092
0.008
28
224
266

0.0065
0.0064
0.0005
9E-05
9E-05
0.076
0.005
12
214
389

0.0055
0.0056
0.0006
1E-04
8E-05
0.084
0.008
26
219
200

0.1511
0.1607
0.0039
5E-04
6E-04
0.094
0.007
3
100
206

0.1730
0.1952
0.0057
8E-04
8E-04
0.107
0.008
3
107
149

0.1301
0.1431
0.0031
4E-04
4E-04
0.123
0.010
3
101
138

6.4041
6.2519
0.4644
8E-03
8E-03
0.071
0.005
12
140
326

7.7363
7.4479
1.7383
2E-02
2E-02
0.086
0.007
13
130
323

4.5947
4.7113
0.3060
7E-03
5E-03
0.107
0.011
5
139
214
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Case III
Scenario Scenario
1
2
1
5

Figure 7-8a: Cumulative Production Profiles for all scenarios for Case I

Figure 7-8b: Cumulative Production Profiles for all scenarios for Case II
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Figure 7-8c: Cumulative Production Profiles for all scenarios for Case III

As can be seen from the figures and table above, the expert system’s
response for each scenario was as expected.

There were visible changes in the

predicted permeability values for each scenario.

However, some predicted

reservoir properties did not change in the direction that was expected. Again, this
is a result of the inverse nature of the problem. This test lends more credence to
the efficacy of HMEX_I for history matching exercises.

7.2.5

Randomness Test
30 bootstrap replicates were generated for this test, and each expert system

was tested on a dataset of 55 samples. Figure 7-9 shows the average profile
comparisons errors over all testing data samples for each bootstrap expert system,
and the 95% confidence intervals for the mean.

The results show very little

influence of the variation in data samples on the accuracy of the expert system.
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Figure 7-9a: Mean Absolute Oil Comparison Errors with Confidence
Intervals for Bootstrap Models over all Testing Samples for HMEx_I

Figure 7-9b: Mean Absolute Gas Comparison Errors with Confidence
Intervals for Bootstrap Models over all Testing Samples for HMEx_I
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Figure 7-9c: Mean Absolute Water Comparison Errors with Confidence
Intervals for Bootstrap Models over all Testing Samples for HMEx_I

7.3

HISTORY

MATCHING

EXPERT

SYSTEM

FOR

RATE-

SPECIFIED WELLBORES – HMEx_II
The History Matching Expert System for rate-specified wellbore
conditions, HMEx_II, is developed to predict reservoir properties given the
historical production data from the producing advanced well structure, and the
design parameters of the wellbore itself. Predicted properties include x, –y, and –
z fracture permeabilities, x, and – y matrix permeabilities, matrix porosity,
fracture porosity, natural fracture spacing, the reservoir thickness, and reservoir
drainage area. The feature space is made up of the advanced well structure design
parameters and the specified wellbore plateau rate; some reservoir properties such
as relative permeability information, capillary pressure data, fluid properties,
initial reservoir pressure, and the bubble point pressure; and production history
data for oil, gas and water cumulative production, and bottom-hole pressure
profile in 30-day intervals. For this expert system, the minimum initial flowrate
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possible for use was made to be 5 bbl/day. Again three years of production data
was utilized for this expert system for the same reasons as outlined in section 7.2.

7.3.1

Data Manipulation and Feature Engineering
Except for the bottom-hole pressure profile, the natural logarithm of all

production profiles was utilized for training the expert systems. Similarly, the
natural logarithm of all variables in the response space was utilized.

Like

HMEx_I, reservoir properties with relatively low values, such as matrix
permeabilities, and matrix and fracture porosities, were transformed by
multiplying the inverse of their values by 0.01 before taking their natural
logarithm. Similar to HMEx_I, Lateral directions were also represented as +2 and
+4 for northward and southward pointing laterals respectively.
The feature space was expanded by adding the profile of percentage water
cut (that is, water production as a percentage of total fluid production) for each
case to its feature vector, and also the time to the end of the plateau. The response
surface was also expanded to include functional links as shown in Table 7-5
below.
Table 7-5: Functional Links for HMEx_II
FUNCTIONAL LINKS TO INPUT
LAYER
Profile of Percentage water cut
Time to end of Plateau

FUNCTIONAL LINKS TO OUTPUT
LAYER
(Φm * 10) / Kzf
(Φm * 10) / Kyf
(Φm * 10) / Kxf
Fracture Spacing / Kzf
(Kyf2 * Kzf2)^0.25
(Kxf2 * Kzf2)^0.25
(Kyf2 * Kzf2)^0.11
(Kxf2 * Kyf2)^0.11
Ln (fracture spacing)
Ln (H)
Ln (A)
Kzf / Qoi
Kzf / Qgi
Kzf / Qwi
Kyf / Qoi
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Kyf / Qgi
Kyf / Qwi
Kxf / Qoi
Kxf / Qgi
Kxf / Qwi
(Kxf / Kyf )*100
(Φf / Φm )*100
Kxf + Kyf
(Kxf * Kyf ) / Kzf2
Kzf * H
Kzf * A
Kzf * H * A
Kzf / ( H * A )
H/A
(Kzf * Kyf ) / (Φm * H * A )
Kzf / Kyf
Kzf * Kxf
(Kxf + Kyf + Kzf) / Kxf
Kxf – Kzf
Profile of (Pi – BHP profile)
Square of time to end of plateau
( Pi – Pb )^0.5
( Pi – Pb / Qoi )^0.5
0 (if BHPi < Pb) or 1 (if BHPi > Pb)

7.3.2

Network Architecture for HMEx_II
Figure 7.10 and Table 7.6 give details of the neural network architecture

for HMEx_II.
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Figure 7-10: Structure of HMEx_II

Table 7-6: Neural Network Architecture Details for HMEx_II
NEURAL NETWORK PARAMETER
Network Type
Number of Hidden Layers
Number of Neurons for hidden layers
Number of Case scenarios
Train, Validate, Test Ratio (%)
Training Function
Transfer Functions
Learning Function
Performance Function
Minimum Performance goal
Maximum Number of Validation Increase
Maximum Number of Training Iterations
Minimum Gradient Magnitude

Feed-forward with back Propagation
5
[ 25, 31, 40, 46, 53 ]
3192
[70, 28.3, 1.7]
Scaled Conjugate Gradient
[ Tansig, Tansig, Tansig, Tansig, Logsig ]
Learngdm
Mean Square Error with Regularization
5E-05
1000
8000
1E-06
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No feature importance estimation was conducted for HMEx_II because of
the inverse-acting nature of the expert system.

7.3.3

Generalization Test
Similar to HMEx_I, the History Matching Expert System for rate-

specified wellbores acts in inverse direction, relative to the performance
prediction experts. Therefore, evaluating performance of the developed expert
system required putting the predicted properties for each testing data case into a
high fidelity simulator together with the corresponding wellbore design and other
known reservoir properties.

Comparison was subsequently made between

production results from the simulator run and the target production history data to
be matched.
Again, predictions for each testing data case by the HMEx_II were
coupled with its corresponding wellbore design and known reservoir properties,
and all of these were fed to the PPEx_II. Comparison was also made between the
target production history data and the production predictions of the PPEx_II for
each testing case.
51 data samples were generated specifically for purposes of testing. For
each sample, the mean absolute errors (MAE) from comparing production profiles
for each predicted set of reservoir properties was determined. A summary of the
results is shown in Table 7-7 below. The results shown are for comparison
between the target production profile and the production profile from the
predicted wellbore design after it is run on a high fidelity simulator.
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Table 7-7: Summary of Error from Profile Comparisons for Generalization
Test of HMEx_II
Profile Compared

Error Ranges
Blind Data Set (51 Cases)

Oil Production
Water Production

0.00% - 28.56%
0.23% - 42.32%

Gas Production
Bottom Hole Pressure

0.00% - 79.66%
0.00% - 258.12%

Figure 7-11 shows histogram plots of errors from comparing production
profiles for the generalization test, with each showing a lognormal distribution.
95% confidence intervals (C.I values) were estimated for the error distribution
parameters and are given in Table 7-8. Cases with zero values were omitted in
estimating distribution parameters.

Figure 7-11: Histogram Plots for Profile Comparison Error of HMEx_II
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Table 7-8: Error Distribution Parameters for HMEx_II Blind Test
Parameters
Mean
Lower C.I.
Upper C.I.
St. Deviation
Lower C.I.
Upper C.I.

Oil Cum.
1.07
0.27
1.93
1.84
1.40
2.69

Gas Cum.
1.72
1.03
2.41
1.47
1.11
2.14

Water Cum.
1.86
1.42
2.29
0.93
0.70
1.35

BHP
3.79
3.12
4.47
1.46
1.11
2.13

Figure 7-12 to Figure 7-16 show sample plots comparing profiles from
predicted reservoir properties versus target production history data from the
generalization test . For each figure, the desired (target) production profile to be
matched, the profile from the predicted set of reservoir properties (ANN-RP), and
predicted profiles by the forward-acting Performance Prediction Expert system
(FwdANN), are shown with their corresponding MAE values. Error1 in the plot
represents the comparison error between the production profile from the predicted
set of reservoir properties and the target production profile, while Error2
represents the profile comparison error between the production profile predicted
by PPEx_II using the same predicted reservoir properties and the target profile.
The inset in each figure contains information regarding the target reservoir
properties, the predicted reservoir properties, and the percentage difference
between each.

The features for each case, and more information about the

wellbore structures shown below are given in Appendix A.

Distribution of

prediction error values with specific features are also given in Appendix A.
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Figure 7-12: HMEx_II Prediction Sample Plot 1

Figure 7-13: HMEx_II Prediction Sample Plot 2
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Figure 7-14: HMEx_II Prediction Sample Plot 3

Figure 7-15: HMEx_II Prediction Sample Plot 4
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Figure 7-16: HMEx_II Prediction Sample Plot 5

As can be seen from the results shown for the generalization test, the
production profiles have very good matches, while matching the bottom hole
pressure profile seemed an arduous task, even for cases that have fairly good
closeness to the actual reservoir property that was predicted (as in Fig. 7-16).
The profile of the bottom-hole pressure is closely linked to the movement of the
pressure transients, which begins once the wellbore is opened to flow and the
consequent change of the reservoir state from transient state to pseudo-steady
state. The different flow regimes are very much controlled by the flow capacity
of the reservoir.

Therefore, it is believed that a change in reservoir rock

properties that describe its flow capacity (amongst other factors), the kind which
occurs with predictions of the expert system, can cause a huge difference in the
way the pressure transients move, and ultimately cause a different realization in
bottom hole pressure profile. This explains the difficulty establishing a good
match for bottom hole pressure profile.
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7.3.4

Sensitivity Analysis
In this sensitivity analysis, care was taken to set up the test in such a way

that the fact of a specified fixed plateau rate does not mask the response of the
expert system.

In order to achieve this, comparison on the predicted reservoir

properties was emphasized.

In this test, two cases were pseudo-randomly

selected as base cases, ensuring that they are cases with a constant oil rate plateau
through out the time period of three years used for this expert system. For each
base case, two scenarios were generated. The first scenario was created by
shifting the bottomhole pressure profile curve of the base case downward by a
factor (that is, decreasing the bottomhole pressure profile by a value of 300 psi,
thus increasing the difference in pressure between the initial pressure and the
bottomhole pressure – delta-P at any point in time). The second scenario was
created by shifting the bottomhole pressure profile curve upward by a value of
300 psi, thus decreasing delta-P at any point in time. For each scenario, every
other feature variable, including all production profiles, is kept constant.
This test exploits the movement of the pressure transients as it relates to
the tightness of a reservoir system. With the setup as described above, it is
expected that increasing delta-P whilst keeping every other feature variable
constant, should force the expert system to predict lower values of permeabilities,
and decreasing delta-P should force the expert system to predict higher values of
permeabilities than the base case.
Figure 7-17 shows the bottomhole pressure profiles for both cases and the
different scenarios stemming from them, while Figure 7-18 shows comparison
plots of cumulative production profiles generated from running the predicted
reservoir properties on a high fidelity simulator. The figure also shows the
changes in predicted reservoir properties for each scenario.
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Figure 7-17: Bottomhole Pressure Profiles for Base Cases and Scenarios for
Sensitivity Analysis for HMEx_II

Figure 7-18a: Cumulative Production Profile Comparison for Base Case I
and Scenarios for Sensitivity Analysis for HMEx_II
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Figure 7-18b: Cumulative Production Profile Comparison for Base Case II
and Scenarios for Sensitivity Analysis for HMEx_II

As is seen from the figures above, lower values of permeabilities are
predicted for the scenario with a greater delta-P, and higher values are predicted
for the scenario with a smaller delta-P. This is the expected behavior because, for
the same specified plateau rate, a tight reservoir system will not allow reservoir
pressure to drop too quickly because of the lack of communication. Thus this
causes a greater difference in pressure between the wellbore and other points in
the reservoir. The less tight a reservoir system gets, the more communication
there is, and the opposite behavior is expected, as was displayed by the expert
system also.
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7.3.5

Randomness Test
50 bootstrap replicates were generated for this test, and each expert system

was tested on a dataset of 73 samples. Figure 7-19 shows the average profile
comparisons errors over all testing data samples for each bootstrap expert system,
and the 95% confidence intervals for the mean.

The results show very little

influence of the variation in data samples on the accuracy of the expert system for
all production profiles. However, just like was seen in the generalization test, the
effectiveness of the expert system to predict reservoir properties that give a good
match with bottom-hole pressure profiles is not as strong. Again this can be
explained by the lack of information to the expert system regarding the movement
of the pressure transients.

Figure 7-19a: Mean Absolute Oil Comparison Errors with Confidence
Intervals for Bootstrap Models over all Testing Samples for HMEx_II
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Figure 7-19b: Mean Absolute Gas Comparison Errors with Confidence
Intervals for Bootstrap Models over all Testing Samples for HMEx_II

Figure 7-19c: Mean Absolute Water Comparison Errors with Confidence
Intervals for Bootstrap Models over all Testing Samples for HMEx_II
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Figure 7-19d: Mean Absolute Bottomhole Pressure Comparison Errors with
Confidence Intervals for Bootstrap Models over all Testing Samples for
HMEx_II
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Chapter 8
APPLICATION TO OILFIELD CASE STUDY

8.1

INTRODUCTION
The purpose of this chapter is to apply some of the developed expert

systems to scenarios that represent typical oilfield challenges. This is an effort to
showcase the applicability and usefulness of the expert systems as an aid to the
user in achieving acceptable results to such challenges.

For this study, a

synthetic oil field is set up using a high fidelity reservoir simulator. The field
development planning phase for this field will include a decision on the best well
structure to meet a specific production target. The Well Design Expert System,
working side by side the Production Prediction Expert System, will be deployed
to achieve this goal.
It is important to state here that the conditions, as will be described below,
to which the expert systems have been applied in this chapter, are not within the
realm of conditions for which they have been designed. This study is however
conducted in this manner to show how the developed expert systems stand up in
the face of conditions far removed from what they have been designed for, whilst
ultimately showing the applicability of the systems.

8.2

FIELD DESCRIPTION
Field XYZ is a tight oil system with natural fractures running across in all

directions, lying 10000 ft from the surface. Its total dimensions are 12000 ft x
12000 ft. Field XYZ is a single-layered field with a thickness of 150 ft. Initially
undersaturated, it is expected that reservoir pressures will drop below the bubble
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point pressure due to production.

The spatial distributions of some important

reservoir properties are shown in Figure 8-1 to Figure 8-4.

The initial

distributions of these properties are typically estimated from a combination of
geological studies, data from appraisal wells, and the application of geostatistics.
It has been identified that the field is flat, with no depth gradients at play. Thus a
two-dimensional reservoir dynamic model is appropriate for its study.

Even

though a two-dimensional model is suitable, it should also be noted that fractures
run in all directions and some of these fractures in the z-direction may cut across a
wellbore, thus contributing to the well index. Hence there is a need for the
description of natural fractures in the z-direction. A 100 x 100 grid block mesh
was used for the reservoir model with each block having a 120 ft x 120 ft size.

Figure 8-1: Spatial Distribution of x-dir and y-dir Matrix Permeability for
Field XYZ
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Figure 8-2: Spatial Distribution of x-dir and y-dir Fracture Permeability for
Field XYZ

Figure 8-3: Spatial Distribution of z-dir Fracture Permeability and Natural
Fracture Spacing for Field XYZ

- 155 -

Figure 8-4: Spatial Distribution of Matrix Porosity and Fracture Porosity
for Field XYZ

The distribution of natural fracture spacing is the same in all directions.
As was stated earlier, each developed expert system was designed for a
homogeneous reservoir drainage area. In other words, every gridblock had the
same value for any one property. Therefore, the heterogeneity of the field as
shown above is a huge deviation from the expert systems’ design conditions.
Figure 8-5 to Figure 8-12 show some fluid properties, and information
relating to relative permeability and capillary pressure.

These properties have

been made the same for every part of the field under study, and were estimated
with correlations as described in Chapter 4. The use of these correlations or any
other method that gives results close to those of the correlations, in estimating
fluid properties, and capillary pressure and relative permeability data is highly
crucial for the successful use of the developed expert systems.
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Figure 8-5: Gas Solubility and Oil Formation Volume Factor Data for Field
XYZ

Figure 8-6: Gas Compressibility Factor Data for Field XYZ
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Figure 8-7: Oil and Gas Viscosity Data for Field XYZ

Figure 8-8: Oil-Water Relative Permeability Data for Field XYZ
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Figure 8-9: Gas-Oil Relative Permeability Data for Field XYZ

Figure 8-10: Oil-Water Capillary Pressure Data for Field XYZ

- 159 -

Figure 8-11: Gas-Oil Capillary Pressure Data for Field XYZ

Other properties that describe Field XYZ are given in Table 8-1 below.
Table 8-1: Field XYZ Properties
Property

Value

Field Extent
Depth
Initial Pressure
Bubble Point Pressure
Temperature
Depth to Water-Oil Contact
Gas Gravity
Oil API Gravity

~ 3305 Acres
10000 ft
5000 psi
1200 psi
250oF
10200 ft
0.85
30o
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8.3

FIELD DEVELOPMENT PLANNING AND PERFORMANCE
PREDICTION
The aspect of field development planning in focus in this section is the

choice of production technique for Field XYZ. Advanced well structures have
been proposed for use. However, it is important to find the right design of these
wellbore structures to meet the production goals and targets for the field. This is
the aspect for which the Well Design Expert System (WDEx) is applicable.
The entire field was divided into 4 sub-sections, representing a pattern for
well placement. In other words, each section is expected to have a well structure.
This is standard practice for such large fields that require multiple wells and it
aims to ensure that the entire field is accessed as much as possible and in an
effective manner. Examples of well placement patterns include five-spot patterns,
seven-spot patterns, etc.
For each sub-section, the average property value was determined for every
heterogeneously distributed property. These make up the WDEx feature vector for
each sub-section, together with values of other properties that are uniform
throughout the field, and the desired oil cumulative production. Figure 8-12
shows each sub-section and its corresponding average properties.
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Figure 8-12: Well Placement Pattern with Corresponding Average
Properties for each Pattern

The desired ten-year profile for oil cumulative production from each section is the
same and is shown in Figure 8-13.

Figure 8-13: Target Ten-year Oil Cumulative Production for each Subsection
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8.3.1

Wellbore Design Prediction and Performance Forecasting
For each sub-section, a feature vector is created using the values of

required reservoir properties, and the desired cumulative production profile. A
table of values for each sub-section for this study is shown in Appendix A. This
feature vector for each sub-section is fed into the Well Design Expert System for
rate-specified wellbores (WDEx_II). The resulting predicted wellbore designs are
subsequently coupled with their corresponding reservoir properties to create
another feature vector for the Production Prediction Expert System for ratespecified wellbores (PPEx_II).

The production predictions from PPEx_II are

then compared with the desired cumulative production for each sub-section for a
close match. If the comparison yields a poor match, the feature vector to PPEx_II
is modified by adjusting the well design features until such a point when a
comparison with the desired oil cumulative production yields a satisfactory
match. The final configuration of well design parameters represents the wellbore
structure to be drilled for each sub-section. Figure 8-14 aids in describing the
process as explained above.

Figure 8-14: Well Design Prediction and Performance Forecasting Coupled
for Field Development Planning
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8.3.2

Results and Discussion
Figure 8-15 below shows the final wellbore design as determined by the

process outlined above. Only very slight modifications were made to the original
wellbore designs as predicted by WDEx_II. Table 8-2 gives a summary of values
of the design parameters.

Figure 8-15: Predicted Wellbore Designs by WDEx_II for each Sub-Section

Table 8-2: Details of Predicted Wellbore Designs for each Sub-Section
Design
Parameters
No of Laterals
Mainbore
Length (ft)
Total Wellbore
Length (ft)
Total Lateral
Spacing (ft)

Sub-Section
I
7

Sub-Section
II
7

Sub-Section
III
7

Sub-Section
IV
7

2537

2532

2530

2533

11543

11532

11528

11536

1500

1498

1497

1498
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Notice that the predicted wellbore designs for each sub-section are
strikingly similar. This can be explained by noting that the average reservoir
properties for all sub-sections are also very similar. Therefore, even though four
different sub-sections, this field can be studied using one sub-section or well
pattern.
An important part of the feature vector to the Well Design Expert System
is the total wellbore length. This input has a strong influence on the well design
that is predicted by WDEx. It is expected that the user of these tools is a domain
expert that has sufficient background knowledge and experience to make some of
the decisions on values of input parameters.
These wells were subsequently placed in their corresponding sub-sections
on the dynamic reservoir model built on the high-fidelity simulator. Comparison
was then made for each sub-section of the target or desired oil cumulative
production profile versus the PPEx_II predicted oil cumulative profile versus the
actual oil cumulative profile achieved after placing the wells into the model. The
results of this comparison are shown in Figure 8-16.

Only results for oil

cumulative profile are shown.

Figure 8-16: Comparison Plots of Oil Cumulative Production for Field XYZ
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The figure above shows good matches of oil cumulative production for
each sub-section. The difference in production between the target profile and the
actual profile can be explained by the communication between wells as shown in
Figure 8-17 below. There is good match from the outset to the point in time
when communication starts to set in as shown by the pressure transient profiles
across the entire field. With tighter rock permeabilities, communication between
the wellbores is reduced.

The existence of communication or interference

between wellbores adds to the complexity of the field in study, and pushes the
boundary even further for use of the developed expert systems.
The heterogeneity of the reservoir properties for this study contributes to
the observed difference in production between the target profile and the profile
predicted by the PPEx_II. As stated earlier, in developing the expert systems,
homogeneous reservoirs were used.

For reservoirs with heterogeneously

distributed properties, taking the average of such properties (as was used in this
case study) may not adequately represent the distribution of that property. A
much better representation may be achieved by taking a value of the reservoir
property that is predominant across the drainage area. In any case, the difference
in oil cumulative production between the target and the PPEx_II prediction is
acceptable.
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Figure 8-17: Reservoir Pressure Distribution (psi) after Two Years of
Production

The reservoir pressure distribution after ten years is given in Appendix A.

8.4

GRAPHICAL USER INTERFACE
To facilitate the use of the developed expert systems, a graphical user

interface (GUI) was created for each expert. These interfaces were developed in
MATLAB® programming environment, and they help to visually integrate all
expert systems in a very user-friendly manner. The GUIs consist of a main
window from which any of the classes of expert systems can be selected.
Depending on the selected expert system, there is the ability to crosscheck results
from one expert with another expert.
In all interfaces, options exist to manually enter feature variables or upload
data from text files (particularly for lengthy data). They also have the ability to
not just visually present results, but also save results to text files in any location
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on the computer in use. Snap shots of the graphical user interfaces are given in
Appendix B.

8.5

CONCLUSION
In this chapter, two sets of expert systems for rate-specified wellbores

(WDEx_II and PPEx_II) were tested on a synthetic field that presented conditions
far from what the expert systems were designed for. The heterogeneity of some
of the field properties and the observed communication between wellbores present
these extreme conditions. The effects of these conditions are seen in the results of
the comparison of oil cumulative production profiles. These effects are even
more pronounced in results of comparing water cumulative production and
bottom hole pressure profiles (not shown).
However, the case study has shown the strength of the expert systems,
notwithstanding the extreme conditions. It has also shown the applicability of
these expert systems. For a field as large as Field XYZ, with no expected huge
spatial variations in properties, particularly rock properties, it is convenient to
study a representative segment of the field, and then make extrapolations to the
entire field. The expert systems in this research effort were developed for such
studies of representative segments. Patterns can then be formed that will cover
the entire field.
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Chapter 9

SUMMARY AND CONCLUSION

In preceeding chapters, the development of artificial expert systems to
perform various tasks for tight oil reservoirs was discussed. Three classes of
expert systems have been developed, with each class having an expert system
dedicated to the two different possible wellbore conditions. The Performance
Prediction Expert systems were developed to predict the performance of advanced
well structures in tight oil reservoirs. The second class of expert systems are the
well design expert systems, which have the ability to predict the design of an
advanced well structure that is able to meet a target or desired oil cumulative
production profile. This is particularly useful for field development planning. The
third class of expert systems is the history matching expert systems that estimate
the reservoir properties given a production history and the well design parameters.
Each of these expert systems was subjected to rigorous evaluation and testing and
were found to have high levels of integrity and stability.
The following observations and conclusions are drawn from this study:
 Expert systems developed can capture the complex non-linear relationships
between the reservoir and its inherent rock and fluid properties, and the
response of the reservoir to a change in its inner boundary condition using
advanced well structures. This presents a method of accurately predicting the
performance of advanced well structures in unconventional reservoirs without
the snag of having an indepth mathematical or analytical understanding of the
complex relationship between all the variables involved. The expert systems
developed in this study were developed with a wide range of properties with
wider limits, thus expanding their applicability and capabilities.
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 The performance predicting expert systems can be utilized as a diagnostic tool
in defining certain characteristics of flow patterns within the reservoir,
particularly in the near-wellbore region.
 Expert systems developed can be used to make very good predictions of
advanced well structures that can meet a given target production profile. This
is particularly important for field development planning. With the level of
prediction accuracy exhibited by the expert system, multiple realisations of
well structure design can be found for different scenarios of target profiles in a
fraction of the time it will take to make same analysis using conventional
methods of hard computing. The total wellbore length specified for this class
of expert systems has a very direct and strong influence on the extent of the
well design predicted. This is an added facility for the user of these experts
from an economic standpoint.
 Care has to be taken in evaluating the well design prediction expert system
due to the inverse nature of the task it solves. An overall objective function
has to be defined for which predicted wellbore structures can be evaluated. In
this study, the target cumulative oil production profile was used as this
objective function.
 Expert systems developed can be used to facilitate the history matching
process for advanced well structures in unconventional reservoirs. The expert
system pushes the user further to the true values of reservoir properties when
results from it are taken as a good starting point to further analysis.
 Again, results from the history matching expert system have to be viewed
keeping in mind the non-uniqueness of the solution. These results should be
weighed against other methods and analysis to hone in on the true values of
the reservoir property of interest.
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 The bottom hole pressure profile that is ultimately realized from applying the
results of the History Matching Expert sytem may not yield a good match with
the historical data for bottom hole pressure.

This is because the slight

difference in rock properties that may occur between what is predicted and the
true value may be just enough to cause such a huge difference in pressure
transient movement, thus ultimately affecting the bottom hole pressure profile.
This is more pronounced for wells with rate specification.
 Care also has to be taken when using the expert systems for making
predictions with a feature that falls on or out of the boundary of its established
range.

Defining the range for each feature helped to constrain the expert

system, thus enabling effective prediction.

Therefore, presenting such a

feature would require that the expert system extrapolate, for which it has not
been trained to perform.
 The expert systems were not trained for reservoirs with any level of
heterogeneity for any property, and therefore are not expected to be used for
such reservoirs. However, for reservoirs with a little level of heterogeneity in
rock properties, the expert systems may perform relatively good. This ability
thus expands the envelope of applicability of these expert systems. However,
care has to be taken to ensure that the selected representative value adequately
captures the heterogeneity of the reservoir property.
 All developed expert systems can be combined in a manner where each expert
system is complementary to the other. Together, they become an invaluable
tool for the domain expert to obtain quick and reliable information about the
reservoir and well performance for better-informed decision making. The
production prediction expert systems can be made to work hand in hand with
both the well design expert systems and the history matching expert systems,
offering a quick way to test and verify the results from both expert systems.
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The graphical user interface developed for the expert systems in this study
facilitates such integration.

 It is important to note that these expert systems are best used as
complementary models to existing tools for similar tasks.
reduce the uncertainty in the response sought after.
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This helps to
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APPENDIX A

FEATURE VECTORS AND SCATTER PLOTS

Production Prediction Expert System for Pressure Specified Wellbores
(PPEx_I)
Table A-1 gives the feature vectors for sample cases shown for the
generalization test of PPEx_I.
Table A-1: Feature Vectors for Sample Cases for PPEx_I
Features
Mainbore Length (ft)
No. of Laterals
Lateral-1Length (ft)
Lateral-2 Length (ft)
Lateral-3 Length (ft)
Lateral-4 Length (ft)
Lateral-5 Length (ft)
Lateral-6 Length (ft)
Lateral-7 Length (ft)
Lateral-8 Length (ft)
Lateral-1Spacing (ft)
Lateral-2 Spacing (ft)
Lateral-3 Spacing (ft)
Lateral-4 Spacing (ft)
Lateral-5 Spacing (ft)
Lateral-6 Spacing (ft)
Lateral-7 Spacing (ft)
Lateral-8 Spacing (ft)
Lateral-1Direction (ft)
Lateral-2 Direction (ft)
Lateral-3 Direction (ft)
Lateral-4 Direction (ft)
Lateral-5 Direction (ft)
Lateral-6 Direction (ft)
Lateral-7 Direction (ft)
Lateral-8 Direction (ft)
Bottom Hole Pressure Spec.
x-dir fracture Permeability (md)
y-dir Fracture Permeability (md)
z-dir Fracture Permeability (md)
x-dir Matrix Permeability (md)
y-dir Matrix Permeability (md)

Case I
719
4
1086
585
1459
1338
0
0
0
0
121
112
109
113
0
0
0
0
1
1
1
1
0
0
0
0
1488
0.0039
0.0070
7.85E-05
1.85E-04
2.60E-04

Case II
1711
6
514
803
921
927
537
960
0
0
313
146
106
269
289
30
0
0
-1
1
-1
1
-1
1
0
0
1889
0.4200
0.2700
0.0324
5.32E-04
9.90E-04
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Case III
1021
7
875
1313
1039
1666
1681
1493
669
0
110
18
186
189
195
168
107
0
1
-1
1
1
1
1
1
0
1858
9.4197
6.8430
0.1369
4.07E-04
7.66E-04

Case IV
1940
2
2343
1976
0
0
0
0
0
0
328
196
0
0
0
0
0
0
1
1
0
0
0
0
0
0
1850
0.5887
0.8935
0.0824
0.0517
0.0905

Case V
1734
3
1808
735
692
0
0
0
0
0
123
154
298
0
0
0
0
0
1
1
1
0
0
0
0
0
1303
0.2452
0.4164
0.0098
0.0314
0.0403

Functional link
Matrix Porosity
Fracture Porosity
Natural Fracture Spacing (ft)
Connate Water Saturation

Critical Water, Swcrit
Irreducible Oil, Soirw
Residual Oil, Sorw
Oil – Water Exponent, no
Water – Oil Exponent, nw
Irreducible Oil, Soirg
Residual Oil, Sorg
Connate Gas, Sgcon
Critical Gas, Sgcrit
Gas – Oil Exponent, ng
Oil – Gas Exponent, nog
Kro at connate water, Krocw
Krw at irreducible oil, Krwiro
Kro at connate gas, Krocg
Krg at connate liquid, Krgcl
Pc at connate water, Pcswc
Pc at connate liquid, Pcslc
Exponent for Pcow ,nco
Exponent for Pcgo , ncg
Gas Gravity
Oil API Gravity
Initial Reservoir Pressure,psia
Bubble Point Pressure, psia
Thickness (ft)
Drainage Area (acres)

1.85E-05
0.093
0.016
63
0.24
0.24
0.27
0.29
2.83
3.59
0.34
0.36
0.03
0.03
2.56
3.44
0.69
0.48
0.69
0.36
45.62
105.52
3.71
2.67
0.89
27.78
5075
1246
273
357

5.32E-05
0.098
0.002
90
0.28
0.29
0.28
0.31
2.52
3.11
0.34
0.35
0.02
0.02
1.66
3.05
0.64
0.45
0.64
0.39
58.03
83.66
3.36
2.58
0.85
36.14
4738
1329
269
128

4.07E-05
0.150
0.016
63
0.22
0.23
0.24
0.25
2.26
3.76
0.34
0.35
0.03
0.03
1.60
3.44
0.70
0.40
0.70
0.35
26.58
128.89
3.58
2.05
0.89
24.15
4865
1292
257
295

0.005174
0.081
0.012
52
0.24
0.25
0.28
0.30
2.89
3.76
0.34
0.37
0.02
0.02
2.75
3.33
0.60
0.49
0.60
0.36
73.91
59.76
3.30
3.44
0.86
27.29
4402
1356
162
554

3.14E-03
0.109
0.016
65
0.21
0.22
0.24
0.26
2.61
3.71
0.25
0.26
0.03
0.03
2.50
3.08
0.89
0.47
0.89
0.45
29.34
112.69
3.66
2.51
0.84
27.30
5155
1321
66
555

Figure A-1 to Figure A-5 show the scatter plots of oil prediction errors
with values of selected properties for the generalization test of PPEx_I. Plots like
these help to identify important trends, if any exists.
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Figure A-1: Scatter Plot for Generalization Test for PPEx_I

Figure A-2: Scatter Plot for Generalization Test for PPEx_I
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Figure A-3: Scatter Plot for Generalization Test for PPEx_I

Figure A-4: Scatter Plot for Generalization Test for PPEx_I
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Figure A-5: Scatter Plot for Generalization Test for PPEx_I

Production Prediction Expert System for Rate Specified Wellbores
Table A-2 shows the feature vectors for sample cases shown for the
generalization test of PPEx_II.

Table A-2: Feature Vectors for Sample Cases for PPEx_II
Features
Mainbore Length (ft)
No. of Laterals
Lateral-1Length (ft)
Lateral-2 Length (ft)
Lateral-3 Length (ft)
Lateral-4 Length (ft)
Lateral-5 Length (ft)
Lateral-6 Length (ft)
Lateral-7 Length (ft)
Lateral-8 Length (ft)
Lateral-1Spacing (ft)
Lateral-2 Spacing (ft)
Lateral-3 Spacing (ft)

Case I
733
6
1396
1282
1467
1557
1210
823
0
0
80
55
96

Case II
3049
5
1953
1199
790
674
532
0
0
0
373
406
44
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Case III
1435
3
554
670
621
0
0
0
0
0
6
226
160

Case IV
4082
3
1098
907
569
0
0
0
0
0
649
529
710

Case V
1464
5
1379
2085
1241
1247
1430
0
0
0
234
73
102

Lateral-4 Spacing (ft)
Lateral-5 Spacing (ft)
Lateral-6 Spacing (ft)
Lateral-7 Spacing (ft)
Lateral-8 Spacing (ft)
Lateral-1Direction (ft)
Lateral-2 Direction (ft)
Lateral-3 Direction (ft)
Lateral-4 Direction (ft)
Lateral-5 Direction (ft)
Lateral-6 Direction (ft)
Lateral-7 Direction (ft)
Lateral-8 Direction (ft)
Specified Oil Plateau rate (stb/d)
x-dir fracture Permeability (md)
y-dir Fracture Permeability (md)
z-dir Fracture Permeability (md)
x-dir Matrix Permeability (md)
y-dir Matrix Permeability (md)
Functional link
Matrix Porosity
Fracture Porosity
Natural Fracture Spacing (ft)
Connate Water Saturation

Critical Water, Swcrit
Irreducible Oil, Soirw
Residual Oil, Sorw
Oil – Water Exponent, no
Water – Oil Exponent, nw
Irreducible Oil, Soirg
Residual Oil, Sorg
Connate Gas, Sgcon
Critical Gas, Sgcrit
Gas – Oil Exponent, ng
Oil – Gas Exponent, nog
Kro at connate water, Krocw
Krw at irreducible oil, Krwiro
Kro at connate gas, Krocg
Krg at connate liquid, Krgcl
Pc at connate water, Pcswc
Pc at connate liquid, Pcslc
Exponent for Pcow ,nco
Exponent for Pcgo , ncg
Gas Gravity
Oil API Gravity
Initial Reservoir Pressure,psia
Bubble Point Pressure, psia
Thickness (ft)
Drainage Area (acres)

108
80
69
0
0
1
-1
1
1
1
1
0
0
533
8.4634
7.6840
0.4610
0.0952
0.0791
0.0079
0.1198
0.0180
14
0.25
0.27
0.25
0.26
1.50
3.90
0.34
0.36
0.04
0.04
1.86
3.37
0.66
0.50
0.66
0.46
68.61
139.03
3.57
3.21
0.81
36.66
5699
1498
203
342

22
186
0
0
0
1
-1
-1
1
1
0
0
0
916
0.0074
0.0097
8.13E-04
6.67E-04
9.31E-04
6.67E-05
0.1051
0.0126
27
0.23
0.23
0.23
0.23
2.20
3.41
0.26
0.28
0.03
0.03
1.52
3.29
0.78
0.37
0.78
0.41
62.93
84.92
3.39
3.29
0.83
35.49
4995
1271
194
429
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0
0
0
0
0
1
1
1
0
0
0
0
0
865
8.6018
6.1324
0.0613
0.0088
0.0161
8.84E-04
0.1111
0.0078
76
0.28
0.29
0.24
0.26
2.38
3.31
0.35
0.38
0.03
0.03
2.69
3.32
0.88
0.43
0.88
0.46
41.75
54.72
3.42
3.73
0.90
28.18
5362
1486
275
116

0
0
0
0
0
-1
-1
-1
0
0
0
0
0
967
3.0369
2.4804
0.3721
0.0510
0.0339
0.0034
0.1278
0.0141
77
0.27
0.28
0.24
0.25
2.90
3.60
0.35
0.35
0.01
0.01
2.12
3.98
0.69
0.39
0.69
0.35
56.86
117.95
3.36
3.14
0.79
37.57
4068
1398
227
501

209
49
0
0
0
-1
-1
1
1
-1
0
0
0
765
8.0547
7.4670
0.5227
0.0753
0.0850
0.0075
0.0667
0.0089
89
0.22
0.23
0.22
0.23
2.93
2.91
0.30
0.32
0.04
0.04
2.90
3.89
0.80
0.46
0.80
0.41
49.63
57.85
3.01
3.02
0.72
31.28
5070
1259
184
457

Figure A-6 to Figure A-10 show scatter plots of oil prediction error with
selected reservoir properties for the generalization test of PPEx_II.

Figure A-6: Scatter Plot for Generalization Test for PPEx_II

Figure A-7: Scatter Plot for Generalization Test for PPEx_II
- 182 -

Figure A-8: Scatter Plot for Generalization Test for PPEx_II

Figure A-9: Scatter Plot for Generalization Test for PPEx_II
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Figure A-10: Scatter Plot for Generalization Test for PPEx_II

Well Design Expert System with Pressure Specification (WDEx_I)
Table A-3 below shows the feature vector for sample cases shown for
WDEx_I.

The feature vector for this expert system is made of reservoir

properties, the bottomhole specified pressure, the desired oil cumulative
production profile for a ten-year period in intervals of 30 days, and the total
wellbore length. However, for purposes of maximizing space, only the first
desired cumulative production value and the last cumulative production value will
be given in the table.
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Table A-3: Feature Vectors for Sample Cases for WDEx_I
Features
x-dir fracture Permeability (md)
y-dir Fracture Permeability (md)
z-dir Fracture Permeability (md)
x-dir Matrix Permeability (md)
y-dir Matrix Permeability (md)
Functional link
Matrix Porosity
Fracture Porosity
Natural Fracture Spacing (ft)
Connate Water Saturation

Critical Water, Swcrit
Irreducible Oil, Soirw
Residual Oil, Sorw
Oil – Water Exponent, no
Water – Oil Exponent, nw
Irreducible Oil, Soirg
Residual Oil, Sorg
Connate Gas, Sgcon
Critical Gas, Sgcrit
Gas – Oil Exponent, ng
Oil – Gas Exponent, nog
Kro at connate water, Krocw
Krw at irreducible oil, Krwiro
Kro at connate gas, Krocg
Krg at connate liquid, Krgcl
Pc at connate water, Pcswc
Pc at connate liquid, Pcslc
Exponent for Pcow ,nco
Exponent for Pcgo , ncg
Gas Gravity
Oil API Gravity
Initial Reservoir Pressure,psia
Bubble Point Pressure, psia
Thickness (ft)
Drainage Area (acres)
Specified Wellbore Pressure, psi

Initial Oil Cum. Prod. (stb)
Final Oil Cum. Prod. (stb)
Total Wellbore Length (ft)

Case I
0.0428
0.0592
0.0030
0.0017
6.51E-04
6.51E-05
0.1202
0.0120
82
0.26
0.28
0.29
0.30
2.97
3.48
0.25
0.27
0.02
0.02
2.67
3.52
0.67
0.49
0.67
0.42
71.76
119.06
3.03
2.49
0.80
34.40
5843
1235
125
389
2697
11
24958
5988

Case II
0.0707
0.0750
7.07E-04
0.0679
0.0359
0.0036
0.1185
0.0166
30
0.29
0.31
0.22
0.23
1.71
3.43
0.28
0.28
0.04
0.04
1.90
3.84
0.80
0.46
0.80
0.39
55.59
130.15
3.12
3.90
0.78
38.06
4387
1456
171
196
2175
41
108190
5984

Case III
0.9649
0.5734
0.0057
8.79E-04
0.0010
8.79E-05
0.0509
0.0092
27
0.20
0.22
0.24
0.25
2.02
3.46
0.32
0.34
0.02
0.02
3.00
3.93
0.66
0.41
0.66
0.39
45.36
103.25
3.19
3.11
0.88
25.85
4763
1283
162
475
1377
254
238260
14737

Case IV
0.1816
0.2653
0.0254
0.0002
1.24E-04
1.24E-05
0.1145
0.0195
91
0.26
0.28
0.24
0.24
1.93
3.38
0.33
0.36
0.03
0.03
2.17
3.07
0.82
0.38
0.82
0.50
68.04
136.06
3.52
2.17
0.76
25.59
5037
1452
179
284
1302
161
228157
4266

Case V
8.2637
6.1296
0.1839
0.0526
0.0928
0.005
0.119
0.018
94
0.28
0.28
0.28
0.29
2.11
3.45
0.26
0.27
0.03
0.03
1.83
3.03
0.86
0.39
0.86
0.47
65.13
68.70
3.31
3.84
0.79
22.80
4532
1406
196
492
1342
996
459730
3983

Table A-4 shows information regarding the target and predicted wellbores for the
sample cases shown in the generalization test of WDEx_I.
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Table A-4: Well Design Parameters for Sample Cases for WDEx_I
Responses
Mainbore Length
(ft)
No. of Laterals
Lateral-1Lt (ft)
Lateral-2 Lt (ft)
Lateral-3 Lt (ft)
Lateral-4 Lt (ft)
Lateral-5 Lt (ft)
Lateral-6 Lt (ft)
Lateral-7 Lt (ft)
Lateral-8 Lt (ft)
Lateral-1Sp (ft)
Lateral-2 Sp (ft)
Lateral-3 Sp (ft)
Lateral-4 Sp(ft)
Lateral-5 Sp (ft)
Lateral-6 Sp (ft)
Lateral-7 Sp (ft)
Lateral-8 Sp (ft)
Lateral-1Dir (ft)
Lateral-2 Dir (ft)
Lateral-3 Dir (ft)
Lateral-4 Dir (ft)
Lateral-5 Dir (ft)
Lateral-6 Dir (ft)
Lateral-7 Dir (ft)
Lateral-8 Dir (ft)

Case I
TARG
PRED

Case II
TARG
PRED

Case III
TARG
PRED

Case IV
TARG
PRED

Case V
TARG
PRED

1048
3
973
1967
2000
0
0
0
0
0
55
185
88
0
0
0
0
0
1
-1
1
0
0
0
0
0

2266
4
577
1168
937
1036
0
0
0
0
344
158
438
344
0
0
0
0
-1
1
1
1
0
0
0
0

3612
7
2003
1639
602
1942
981
1785
2172
0
156
713
455
535
144
283
101
0
1
1
1
1
1
-1
1
0

1976
2
1432
858
0
0
0
0
0
0
276
195
0
0
0
0
0
0
-1
1
0
0
0
0
0
0

1954
1
2029
0
0
0
0
0
0
0
196
0
0
0
0
0
0
0
1
0
0
0
0
0
0
0

1964
3
1238
1335
892
0
0
0
0
0
182
203
126
0
0
0
0
0
-1
1
-1
0
0
0
0
0

1154
5
879
703
983
1155
1012
0
0
0
117
125
143
175
140
0
0
0
-1
-1
-1
1
-1
0
0
0

2770
8
1527
1596
1559
1390
1212
1202
1181
731
275
284
263
225
218
197
189
129
-1
1
1
-1
-1
-1
-1
-1

2422
2
1371
862
0
0
0
0
0
0
208
146
0
0
0
0
0
0
-1
-1
0
0
0
0
0
0

1409
2
1096
735
0
0
0
0
0
0
115
100
0
0
0
0
0
0
-1
-1
0
0
0
0
0
0

Figure A-11 to Figure A-15 below show the scatter plots of comparison
errors for oil cumulative production versus values of select reservoir properties.
The comparison is between the desired cumulative production profile and the
production profile generated from running the predicted wellbore in a high
fidelity simulator.
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Figure A-11: Scatter Plot for Generalization Test for WDEx_I

Figure A-12: Scatter Plot for Generalization Test for WDEx_I
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Figure A-13: Scatter Plot for Generalization Test for WDEx_I

Figure A-14: Scatter Plot for Generalization Test for WDEx_I
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Figure A-15: Scatter Plot for Generalization Test for WDEx_I

Well Design Expert System with Rate Specification (WDEx_II)
Table A-5 shows the feature vector for the sample cases shown that were
drawn from the generalization test for WDEx_II. The feature vector comprises
the reservoir properties, the desired oil cumulative profile, and the specified total
wellbore length. Again, the table below only shows the first and the last values of
the desired oil cumulative profile.

Table A-5: Feature Vectors for Sample Cases for WDEx_II
Features
x-dir fracture Permeability (md)
y-dir Fracture Permeability (md)
z-dir Fracture Permeability (md)
x-dir Matrix Permeability (md)
y-dir Matrix Permeability (md)
Functional link
Matrix Porosity
Fracture Porosity
Natural Fracture Spacing (ft)
Connate Water Saturation

Case I
0.4714
0.9141
0.0613
8.48E-04
4.40E-04
4.40E-05
0.1538
0.0100
75
0.24

Case II
3.8482
6.6069
0.1539
0.0980
0.0655
0.0066
0.0663
0.0113
63
0.29

- 189 -

Case III
5.7302
4.9469
0.2473
0.0609
0.0905
0.0061
0.1111
0.0033
42
0.27

Case IV
6.0570
8.3385
0.1211
0.0598
0.0746
0.0060
0.1106
0.0084
11
0.29

Case V
4.8532
3.4965
0.2098
0.0746
0.0962
0.0075
0.0725
0.0109
32
0.20

Critical Water, Swcrit
Irreducible Oil, Soirw
Residual Oil, Sorw
Oil – Water Exponent, no
Water – Oil Exponent, nw
Irreducible Oil, Soirg
Residual Oil, Sorg
Connate Gas, Sgcon
Critical Gas, Sgcrit
Gas – Oil Exponent, ng
Oil – Gas Exponent, nog
Kro at connate water, Krocw
Krw at irreducible oil, Krwiro
Kro at connate gas, Krocg
Krg at connate liquid, Krgcl
Pc at connate water, Pcswc
Pc at connate liquid, Pcslc
Exponent for Pcow ,nco
Exponent for Pcgo , ncg
Gas Gravity
Oil API Gravity
Initial Reservoir Pressure,psia
Bubble Point Pressure, psia
Thickness (ft)
Drainage Area (acres)
Initial Oil Cum. Prod. (stb)
Final Oil Cum. Prod. (stb)
Total Wellbore Length (ft)

0.26
0.30
0.31
2.01
4.12
0.35
0.37
0.02
0.02
2.16
2.98
0.78
0.35
0.78
0.44
45.07
53.56
3.56
3.41
0.81
23.08
4844
1540
258
544
652
1882860
13498

0.32
0.30
0.33
1.79
3.97
0.34
0.34
0.05
0.05
2.37
3.93
0.84
0.35
0.84
0.37
69.69
111.94
3.37
3.98
0.79
31.47
4067
1242
137
109
272
663028
4364

0.28
0.21
0.22
2.13
3.14
0.28
0.29
0.03
0.03
2.62
3.50
0.83
0.42
0.83
0.42
62.14
72.55
3.89
3.19
0.85
22.23
5841
1322
177
476
142
512856
4827

0.30
0.28
0.30
2.49
3.35
0.29
0.31
0.05
0.05
3.00
3.72
0.66
0.37
0.66
0.41
65.44
79.94
4.10
2.65
0.80
26.02
5816
1259
124
307
522
861999
4055

0.22
0.26
0.27
2.86
3.40
0.33
0.35
0.02
0.02
2.29
3.72
0.75
0.47
0.75
0.42
29.91
53.52
3.25
2.89
0.88
26.64
4186
1272
141
289
594
719661
8120

Table A-6 shows information regarding the target and predicted wellbores
for the sample cases shown in the generalization test of WDEx_II.
Table A-6: Well Design Parameters for Sample Cases for WDEx_II
Responses
Mainbore Length
(ft)
No. of Laterals
Lateral-1Lt (ft)
Lateral-2 Lt (ft)
Lateral-3 Lt (ft)
Lateral-4 Lt (ft)
Lateral-5 Lt (ft)
Lateral-6 Lt (ft)
Lateral-7 Lt (ft)
Lateral-8 Lt (ft)
Lateral-1Sp (ft)
Lateral-2 Sp (ft)

Case I
TARG
PRED

Case II
TARG
PRED

Case III
TARG
PRED

Case IV
TARG
PRED

Case V
TARG
PRED

2074
7
599
2018
1292
1668
2408
1145
2294
0
69
292

511
6
713
723
602
706
569
541
0
0
9
73

2397
2
1516
914
0
0
0
0
0
0
403
420

1540
2
1509
1007
0
0
0
0
0
0
214
210

2029
6
574
703
749
1742
1516
806
0
0
169
290

2252
7
1187
1283
1282
1251
1352
1347
1097
0
175
211

794
4
580
795
763
564
0
0
0
0
60
126
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2293
1
1537
0
0
0
0
0
0
0
239
0

1487
2
1149
608
0
0
0
0
0
0
161
85

1730
6
1055
1202
1115
1017
932
637
0
0
158
178

Lateral-3 Sp (ft)
Lateral-4 Sp(ft)
Lateral-5 Sp (ft)
Lateral-6 Sp (ft)
Lateral-7 Sp (ft)
Lateral-8 Sp (ft)
Lateral-1Dir (ft)
Lateral-2 Dir (ft)
Lateral-3 Dir (ft)
Lateral-4 Dir (ft)
Lateral-5 Dir (ft)
Lateral-6 Dir (ft)
Lateral-7 Dir (ft)
Lateral-8 Dir (ft)

55
410
168
125
101
0
1
1
1
-1
1
1
1
0

233
238
207
238
172
0
-1
-1
-1
-1
1
1
-1
0

93
20
17
77
0
0
1
1
-1
1
1
1
0
0

109
76
0
0
0
0
-1
-1
-1
-1
0
0
0
0

0
0
0
0
0
0
1
-1
0
0
0
0
0
0

0
0
0
0
0
0
-1
0
0
0
0
0
0
0

0
0
0
0
0
0
1
1
0
0
0
0
0
0

0
0
0
0
0
0
1
-1
0
0
0
0
0
0

189
100
314
347
0
0
1
-1
1
1
1
1
0
0

207
184
126
91
0
0
-1
1
1
-1
-1
-1
0
0

Figure A-16 to Figure A-20 show the scatter plots of errors versus select
reservoir properties. The errors are from comparing the desired oil cumulative
profile with the profile generated from the predicted wellbore design for the
generalization test for WDEx_II.

Figure A-16: Scatter Plot for Generalization Test for WDEx_II
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Figure A-17: Scatter Plot for Generalization Test for WDEx_II

Figure A-18: Scatter Plot for Generalization Test for WDEx_II

- 192 -

Figure A-19: Scatter Plot for Generalization Test for WDEx_II

Figure A-20: Scatter Plot for Generalization Test for WDEx_II
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History Matching Expert System with Pressure Specification (HMEx_I)
Table A-7 gives the feature vector for sample cases shown that were
drawn from the pool of cases for the generalization test of HMEx_I. The feature
vector for this expert system comprises the well design parameters, the specified
wellbore flowing pressure, a number of reservoir properties, and the three-year
cumulative production history of oil, gas, and water. The table below shows
production data for only the first day of production, and the last day of production
for all profiles.

Table A-7: Feature Vectors for Sample Cases for HMEx_I
Features
Mainbore Length (ft)
No. of Laterals
Lateral-1Length (ft)
Lateral-2 Length (ft)
Lateral-3 Length (ft)
Lateral-4 Length (ft)
Lateral-5 Length (ft)
Lateral-6 Length (ft)
Lateral-7 Length (ft)
Lateral-8 Length (ft)
Lateral-1Spacing (ft)
Lateral-2 Spacing (ft)
Lateral-3 Spacing (ft)
Lateral-4 Spacing (ft)
Lateral-5 Spacing (ft)
Lateral-6 Spacing (ft)
Lateral-7 Spacing (ft)
Lateral-8 Spacing (ft)
Lateral-1Direction (ft)
Lateral-2 Direction (ft)
Lateral-3 Direction (ft)
Lateral-4 Direction (ft)
Lateral-5 Direction (ft)
Lateral-6 Direction (ft)
Lateral-7 Direction (ft)
Lateral-8 Direction (ft)
Bottom Hole Pressure Spec.
Connate Water Saturation

Critical Water, Swcrit
Irreducible Oil, Soirw
Residual Oil, Sorw
Oil – Water Exponent, no
Water – Oil Exponent, nw

Case I
1191
3
764
607
567
0
0
0
0
0
227
53
194
0
0
0
0
0
1
1
1
0
0
0
0
0
1113
0.26
0.29
0.30
0.32
1.78
3.90

Case II
537
2
650
849
0
0
0
0
0
0
58
55
0
0
0
0
0
0
1
-1
0
0
0
0
0
0
1167
0.22
0.22
0.28
0.29
2.33
3.87
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Case III
749
6
1069
661
1041
565
899
947
0
0
52
41
45
79
103
27
0
0
1
-1
-1
1
1
1
0
0
953
0.29
0.30
0.21
0.22
2.35
3.01

Case IV
1373
6
1342
571
882
1603
2061
1676
0
0
228
66
29
265
171
180
0
0
1
1
-1
1
-1
1
0
0
2258
0.24
0.26
0.25
0.26
2.75
3.55

Case V
3028
1
727
0
0
0
0
0
0
0
304
0
0
0
0
0
0
0
1
0
0
0
0
0
0
0
1212
0.20
0.20
0.26
0.28
2.72
3.07

Irreducible Oil, Soirg
Residual Oil, Sorg
Connate Gas, Sgcon
Critical Gas, Sgcrit
Gas – Oil Exponent, ng
Oil – Gas Exponent, nog
Kro at connate water, Krocw
Krw at irreducible oil, Krwiro
Kro at connate gas, Krocg
Krg at connate liquid, Krgcl
Pc at connate water, Pcswc
Pc at connate liquid, Pcslc
Exponent for Pcow ,nco
Exponent for Pcgo , ncg
Gas Gravity
Oil API Gravity
Initial Reservoir Pressure,psia
Bubble Point Pressure, psia
Initial Oil Cum. Prod (stb)
Final Oil Cum. Prod (stb)
Initial Gas Cum. Prod. (scf)
Final Gas Cum. Prod. (scf)
Initial Water Cum. Prod. (stb)
Final Water Cum. Prod. (stb)

0.28
0.30
0.02
0.02
2.13
3.72
0.73
0.47
0.73
0.41
38.83
72.50
3.66
3.85
0.79
31.25
4339
1487
3316
435611
811290
1.04E+08
441.499
64795

0.28
0.30
0.02
0.02
2.28
3.23
0.85
0.40
0.85
0.35
27.54
122.38
3.57
3.04
0.85
29.56
5099
1286
41
32873.1
8600.22
6979930
16.0108
12972

0.28
0.30
0.04
0.04
2.51
3.40
0.90
0.42
0.90
0.47
65.09
94.53
3.13
3.11
0.86
26.14
4187
1310
3156
387081
598341
68551500
9035.13
903131

0.31
0.32
0.04
0.04
1.85
3.69
0.83
0.44
0.83
0.50
56.41
58.40
3.30
2.74
0.78
26.42
5497
1349
357
69716.8
64142.5
12519700
2581.75
449882

0.30
0.32
0.03
0.03
1.91
3.99
0.66
0.36
0.66
0.35
42.24
93.29
3.36
3.81
0.84
29.11
4625
1290
6
4448.22
1213.38
916919
45.456
31260

Figure A-21 to Figure A-30 below give scatter plots of the percentage
difference between the true value and the value of the reservoir property predicted
by HMEx_I. These percentage differences are plotted against the true values of
these properties.
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Figure A-21: Scatter Plot for Generalization Test for HMEx_I

Figure A-22: Scatter Plot for Generalization Test for HMEx_I
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Figure A-23: Scatter Plot for Generalization Test for HMEx_I

Figure A-24: Scatter Plot for Generalization Test for HMEx_I
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Figure A-25: Scatter Plot for Generalization Test for HMEx_I

Figure A-26: Scatter Plot for Generalization Test for HMEx_I
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Figure A-27: Scatter Plot for Generalization Test for HMEx_I

Figure A-28: Scatter Plot for Generalization Test for HMEx_I
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Figure A-29: Scatter Plot for Generalization Test for HMEx_I

Figure A-30: Scatter Plot for Generalization Test for HMEx_I
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History Matching Expert System with Rate-Specification (HMEx_II)
Table A-8 shows the feature vector for the sample cases shown that were
drawn from the pool of cases for the generalization test of HMEx_II. The feature
vector for this expert system comprises the wellbore design parameters, the
specified plateau rate, certain number of reservoir properties, and the oil, gas, and
water cumulative production history for three years. The bottomhole pressure
profile also makes up the feature vector. In the table below, only the first and the
last values for each of the profiles are shown for ease of display.

Table A-8: Feature Vectors for Sample Cases for HMEx_II
Features
Mainbore Length (ft)
No. of Laterals
Lateral-1Length (ft)
Lateral-2 Length (ft)
Lateral-3 Length (ft)
Lateral-4 Length (ft)
Lateral-5 Length (ft)
Lateral-6 Length (ft)
Lateral-7 Length (ft)
Lateral-8 Length (ft)
Lateral-1Spacing (ft)
Lateral-2 Spacing (ft)
Lateral-3 Spacing (ft)
Lateral-4 Spacing (ft)
Lateral-5 Spacing (ft)
Lateral-6 Spacing (ft)
Lateral-7 Spacing (ft)
Lateral-8 Spacing (ft)
Lateral-1Direction (ft)
Lateral-2 Direction (ft)
Lateral-3 Direction (ft)
Lateral-4 Direction (ft)
Lateral-5 Direction (ft)
Lateral-6 Direction (ft)
Lateral-7 Direction (ft)
Lateral-8 Direction (ft)
Specified oil plateau rate (stb/d)
Connate Water Saturation

Critical Water, Swcrit
Irreducible Oil, Soirw
Residual Oil, Sorw
Oil – Water Exponent, no

Case I
1391
7
902
563
1023
779
880
724
676
0
259
265
64
34
23
197
89
0
1
1
-1
1
-1
-1
1
0
619
0.27
0.29
0.25
0.26
2.88

Case II
721
1
671
0
0
0
0
0
0
0
73
0
0
0
0
0
0
0
1
0
0
0
0
0
0
0
294
0.19
0.19
0.21
0.22
1.93
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Case III
1996
7
1491
1535
700
1692
1670
1939
1353
0
354
322
87
363
102
180
97
0
1
-1
-1
1
-1
1
1
0
826
0.25
0.25
0.26
0.28
1.53

Case IV
2256
5
1726
2010
820
1102
1080
0
0
0
231
62
401
160
230
0
0
0
-1
1
1
-1
1
0
0
0
918
0.20
0.21
0.21
0.23
1.65

Case V
3056
1
1103
0
0
0
0
0
0
0
518
0
0
0
0
0
0
0
-1
0
0
0
0
0
0
0
474
0.23
0.25
0.23
0.25
2.74

Water – Oil Exponent, nw
Irreducible Oil, Soirg
Residual Oil, Sorg
Connate Gas, Sgcon
Critical Gas, Sgcrit
Gas – Oil Exponent, ng
Oil – Gas Exponent, nog
Kro at connate water, Krocw
Krw at irreducible oil, Krwiro
Kro at connate gas, Krocg
Krg at connate liquid, Krgcl
Pc at connate water, Pcswc
Pc at connate liquid, Pcslc
Exponent for Pcow ,nco
Exponent for Pcgo , ncg
Gas Gravity
Oil API Gravity
Initial Reservoir Pressure,psia
Bubble Point Pressure, psia
Initial Oil Cum. Prod (stb)
Final Oil Cum. Prod (stb)
Initial Gas Cum. Prod. (scf)
Final Gas Cum. Prod. (scf)
Initial Water Cum. Prod. (stb)
Final Water Cum. Prod. (stb)
Initial bottomhole Pres. (psi)
Final bottomhole Pres (psi)

3.44
0.24
0.24
0.02
0.02
2.69
3.85
0.72
0.49
0.72
0.40
39.00
67.65
3.54
3.50
0.86
26.75
4471
1216
618.9
636988
110912
1.18E+08
606.095
541638
3579.4
14.696

3.75
0.29
0.31
0.03
0.03
2.65
3.42
0.75
0.51
0.75
0.44
75.56
133.85
3.62
3.20
0.90
35.24
4706
1436
294.0
258061
91433.5
94943900
706.584
534102
3914.29
14.696

3.94
0.35
0.37
0.01
0.01
2.41
3.30
0.68
0.36
0.68
0.36
55.75
67.40
3.71
3.92
0.87
21.12
4762
1346
825.9
316964
124663
1.92E+08
4062.16
9825.72
14.696
14.696

3.49
0.30
0.33
0.05
0.05
2.79
3.31
0.73
0.48
0.73
0.48
53.44
96.71
3.34
2.47
0.84
29.62
4571
1423
917.7
509124
213131
2.44E+08
2383.53
1129240
3861.65
14.696

4.01
0.25
0.25
0.01
0.01
2.22
4.01
0.71
0.40
0.71
0.42
27.81
97.37
3.71
3.64
0.94
24.29
4521
1294
474.2
481652
87902.9
99419600
598.179
556651
3658.54
14.696

Figure A-31 to Figure A-40 show the scatter plots of percentage
difference between values of predicted properties and the true values of the
reservoir, plotted against the true values of the same properties.
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Figure A-31: Scatter Plot for Generalization Test for HMEx_II

Figure A-32: Scatter Plot for Generalization Test for HMEx_II
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Figure A-33: Scatter Plot for Generalization Test for HMEx_II

Figure A-34: Scatter Plot for Generalization Test for HMEx_II
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Figure A-35: Scatter Plot for Generalization Test for HMEx_II

Figure A-36: Scatter Plot for Generalization Test for HMEx_II
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Figure A-37: Scatter Plot for Generalization Test for HMEx_II

Figure A-38: Scatter Plot for Generalization Test for HMEx_II
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Figure A-39: Scatter Plot for Generalization Test for HMEx_II

Figure A-40: Scatter Plot for Generalization Test for HMEx_II
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Case Study
Table A-9 describes the feature vector utilized as input into the Well
Design Expert System for the case study.
Table A-9: Feature Vectors into WDEx_II for Case Study
Features
x-dir fracture Permeability (md)
y-dir Fracture Permeability (md)
z-dir Fracture Permeability (md)
x-dir Matrix Permeability (md)
y-dir Matrix Permeability (md)
Functional link
Matrix Porosity
Fracture Porosity
Natural Fracture Spacing (ft)
Connate Water Saturation

Critical Water, Swcrit
Irreducible Oil, Soirw
Residual Oil, Sorw
Oil – Water Exponent, no
Water – Oil Exponent, nw
Irreducible Oil, Soirg
Residual Oil, Sorg
Connate Gas, Sgcon
Critical Gas, Sgcrit
Gas – Oil Exponent, ng
Oil – Gas Exponent, nog
Kro at connate water, Krocw
Krw at irreducible oil, Krwiro
Kro at connate gas, Krocg
Krg at connate liquid, Krgcl
Pc at connate water, Pcswc
Pc at connate liquid, Pcslc
Exponent for Pcow ,nco
Exponent for Pcgo , ncg
Gas Gravity
Oil API Gravity
Initial Reservoir Pressure,psia
Bubble Point Pressure, psia
Thickness (ft)
Drainage Area (acres)
Initial Oil Cum. Prod. (stb)
Final Oil Cum. Prod. (stb)
Total Wellbore Length (ft)

Section I

Section II

Section III

Section IV

1.0079
0.9719
0.0516
2.55E-04
2.63E-04
2.55E-05
0.0993
0.0103
49.99
0.21
0.21
0.22
0.22
2.00
3.50
0.26
0.26
0.05
0.05
2.00
3.50
0.88
0.39
0.88
0.5
60
101
3.5
3
0.85
30
5000
1200
150
600
26.1152
62237.7
12000

1.0020
1.0212
0.0534
2.54E-04
2.58E-04
2.54E-05
0.0998
0.0105
49.96
0.21
0.21
0.22
0.22
2.00
3.50
0.26
0.26
0.05
0.05
2.00
3.50
0.88
0.39
0.88
0.5
60
101
3.5
3
0.85
30
5000
1200
150
600
26.1152
62237.7
12000

0.9930
1.0013
0.0526
2.57E-04
2.57E-04
2.57E-05
0.1005
0.0104
50.97
0.21
0.21
0.22
0.22
2.00
3.50
0.26
0.26
0.05
0.05
2.00
3.50
0.88
0.39
0.88
0.5
60
101
3.5
3
0.85
30
5000
1200
150
600
26.1152
62237.7
12000

0.9934
0.9989
0.0527
2.54E-04
2.55E-04
2.54E-05
0.0996
0.0105
50.02
0.21
0.21
0.22
0.22
2.00
3.50
0.26
0.26
0.05
0.05
2.00
3.50
0.88
0.39
0.88
0.5
60
101
3.5
3
0.85
30
5000
1200
150
600
26.1152
62237.7
12000
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Sample Profile Plots of Oil Recovery Factor and Producing Gas – Oil Ratio
for Typical Reservoir used for Developing Expert Systems

Figure A-41: Sample Oil Recovery Factor Profile Plot

Figure A-42: Sample Producing Gas-Oil Ratio Profile Plot
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Figure A-43: Reservoir Pressure Distribution (psi) after Ten Years for Case
Study
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APPENDIX B

GRAPHICAL USER INTERFACES
The graphical user interfaces developed for the expert systems are given
below. Figure B-1 shows the main window, while Figures B-2, B-3, and B-4
show the interfaces for production prediction, well design prediction, and history
matching respectively.

Figure B-1: Main Window for Selecting Desired Expert System
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Figure B-2: Graphical User Interface for Production Prediction Expert System

- 212 -

Figure B-3: Graphical User Interface for Well Design Expert Systems
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Figure B-4: Graphical User Interface for History Matching Expert Systems
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