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ABSTRACT
Ever growing energy demand has forced oil and gas exploration and production (E&P)
companies to search and economically produce unconventional energy sources such as coalbed
methane (CBM), shale gas, shale oil, tight sands etc. To produce these reservoirs in a more
efficient manner, employment of horizontal wells seems to be one of the feasible options.
However, the additional economic benefits due to increased production and additional
drilling/operational costs need to be carefully calculated to access the overall benefits of
horizontal wells in CBM reservoirs.
Reservoir simulators offer a powerful tool to reservoir engineers to predict the production
performance of CBM reservoirs in an accurate manner. However, full scale simulation runs take
hours, or even days, to complete. Hence, it becomes practically cumbersome to explore a full
suite of different design scenarios and operational behavior of a given reservoir within a
reasonable period of time. It is here where Artificial Neural Networks (ANN) are used to develop
expert systems which can accurately mimic the production performance of a given reservoir
within fraction of seconds. Once properly trained and validated, the expert system is capable of
not only predicting the production performance under a given set of design conditions, but also
provide accurate information on design specifications in an inverse manner, thus going beyond
the reservoir simulator’s capability.
In this study, an additional inverse formulation was implemented in which reservoir
characteristics were obtained once production data and design specifications were provided to the
expert system. Finally, the expert system is then used for field development planning where
design parameters such as drainage area, sandface pressure, stimulation factor (skin) and
horizontal well length are predicted.
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Chapter 1
INTRODUCTION
As the world energy demand continues to soar, oil and gas E&P companies are
forced to exploit unconventional energy sources such as shale gas, shale oil, tight sands,
coalbed methane, etc. At the current rate of consumption, world’s coal reserves are
predicted to last for more than 150 years. In the U.S., coalbed methane (CBM) accounts
for nearly 10% of the total gas production (EIA, 2011) and this percentage is expected to
rise in coming years. According U.S. geological survey, nearly 100 TCF of recoverable
CBM reserves are present in U.S. lower 48 states while another 57 TCF is estimated to be
recoverable in Alaska. Elsewhere, Russia and China account for majority of CBM
reserves and are likely to meet a substantial part of their energy demand through CBM
production in the near future.
Coalbed Methane falls under the category of unconventional reservoirs. This is
due to the fact that they were considered unrecoverable in 1970’s with the then available
technology. However, as advances were made in drilling and stimulation technologies,
this class of reservoirs became accessible. However, these reservoirs are still challenging
to produce due to their complex geology and advance production technologies such as
hydraulic fracturing is required to achieve economical production rates.
Coalbed methane (CBM) reservoirs exhibit dual porosity character due to the
presence of natural fractures within the matrix coal system. Also, the storage mechanism
of coal seams is different from conventional reservoirs as most of the gas is stored in the
form of adsorbed gas on coal surface. In a comparative study (Seidle, 2011), it was found
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that coal seams can store about 6 to 7 times as much gas as the same volume of rock in a
natural gas conventional reservoir. This fact is especially important when we consider
that, at the present rate of consumption, the coal reserves can last for about 100 more
years.
At the start of this study, a numerical model is generated with the help of a
commercial reservoir simulator (CMG®1 GEMTM 2 , 2009). This model is then validated
against existing CBM simulator developed at Penn State University3 (Manik et al., 2002).
After the validation, certain reservoir properties and design parameters are varied in a
pre-defined range to generate a database for the training of expert system. The
performance indicators that were stored from each run included instantaneous gas
production rate, cumulative gas and water productions for horizontal well and cumulative
gas production for vertical well.
In this work, 2 types of expert systems were developed: (i) Forward looking ANN
which would predict the gas and water production rates and cumulative productions once
reservoir properties and design parameters are provided and (ii) Inverse looking ANN
which would predict reservoir characteristics if design parameters and cumulative gas
production data for the first year of production are provided. In the final part, the design
for field development is carried out which would predict the field development pattern
and the optimized design parameters such as sandface pressure, horizontal well length,
skin and area for each unit in the pattern. These calculations are based on the

1

CMG: Computer Modeling Group
GEM: Generalized Equation-of-State Model Compositional Reservoir Simulator
3
PSU-COALCOMP: An integrated computer model of the compositional water gas transport in
coalbed reservoirs and the multicomponent sorption
2

3

optimization of Net Present Value (NPV) at the end of 10 years of operation from a given
field.
A Graphical User Interface (GUI) is also developed for this study. This is quite
useful for a user who is not familiar with either the use of expert system or with
programming language such as MATLAB® 4. Internal consistency checks are provided
with this GUI that would allow the user to verify the accuracy of expert systems in
predicting the performance of Coalbed Methane Reservoirs.

4

MATLAB: MATrix LABoratory, a numerical computing environment developed by The
Mathworks, Inc.
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Chapter 2
LITERATURE REVIEW
This chapter is divided broadly into three sections. First, it will discuss about the history
and geology of Coalbed Methane and important factors affecting production from these
reservoirs. Next, it will discuss the gas storage and transportation mechanisms in coalbed
systems. Lastly, it will cover Artificial Neural Networks (ANN) and their application in
Coalbed Methane performance predictions.
2.1 Coalbed Methane Reservoirs
2.1.1 History of Coalbed Methane
Methane was traditionally extracted from coal mines to reduce mining hazards. However,
the gas produced was let off in the atmosphere (Saulsberry et al., 1996). Not until 1983
when the industry realized the true potential of coalbed methane (CBM) as a low-cost
source of energy and the environmental problems related to venting of greenhouse gases
caused serious concerns did the development of commercial production from CBM
started. At the end of 1983, CBM wells were on production in United States with the total
annual production of 6 BCF. As producers in the U.S. began to better understand the
coalbed methane production mechanisms, they came to realize the CBM not as a mining
hazard, but as an important potential contributor to the U.S. domestic natural gas supply.
In 1986, with the initiation of Gas Research Institute’s (GRI) CBM research
program, it predicted that coalbed methane production would reach a magnitude of 200
BCF by the year 2000. However, this figure was reached in 1991 itself. At the end of
2000, 13,936 wells were drilled and the production had risen to 1352 BCF. In 2009, the
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total CBM proved reserves in US stood at 18,578 BCF and the production stood at 1,914
BCF/year. Figure 2.1 shows the major coalbed methane fields in lower U.S. 48 states
while Figure 2.2 shows the annual production history of CBM reservoirs.

Figure 2.1: Major Coalbed Methane fields in lower U.S. 48 states (EIA, 2011)
Since the beginning of the CBM commercial production, operators have relied
heavily on technology from the mining and petroleum industry to evaluate and develop
CBM properties. Much of the technology applies to CBM production, however some
modifications are generally required. The main reason for these modifications lies in the
unique properties of coal reservoirs. In case of CBM reservoirs, as opposed to
conventional sandstone reservoirs, the coal acts as reservoir rock as well as source rock.
The presence of natural fractures between coal matrix adds complexity to the geology of
these reservoirs, thus giving them dual porosity characteristics. Also, the gas storage
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mechanism relies heavily on adsorption of gas onto the internal structure of the coal
whereas, in conventional reservoirs, gas is stored in a free state within the pore structure
of the rock. This characteristic also requires the dewatering of CBM formations first
before any meaningful production of gas can be achieved. These unique properties
therefore make CBM reservoirs different and special analysis is required to study their
production behavior. All the above characteristics will be discussed in detail in the
following sections.

Annual U.S. Coalbed Methane
Production
Billion Cubic Feet

2500
2000
1500
1000
500
0
1989

1994

1999

2004

2009

Year

Figure 2.2: Annual U.S. Coalbed Methane Production History (EIA, 2011)
2.1.2 Physical Characteristics of Coalbed Methane Reservoirs
2.1.2.1 Dual Porosity Character
Coals are naturally fractured reservoirs with two sets of mutually perpendicular fractures.
Both of these fractures are perpendicular to the bedding planes (Seidle, 2011). The
dominant set of approximately parallel, extensive fractures is known as face cleats, while
the other set of fractures, also well developed but ending at face cleats, are known as butt
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cleats. These fractures act as fast flowing conduits for any gas that desorbs from coal
matrix and travels to the production well.
Coal structure itself is characterized as made up of matrix, which contains all of
the adsorbed gas on to the coal surface. The porosity of this matrix system is larger than
the fractured system. However, due to small permeability values encountered in the
matrix, the flow of desorbed gas from coal surface to fractures is assumed to be travelling
under the influence of pressure field (given by Darcy’s Law) as well as concentration
field (given by Fick’s Law) (Ertekin et. al., 1986). This characteristic will be discussed in
detail in Section 2.2. The excess or unadsorbed gas remains as compressed free gas in the
fracture system.
2.1.2.2 Coal Rank
The processes of coalification are related with the generation of oil and gas in the
subsurface. A portion of methane, carbon dioxide and other volatile components of coal
may have been generated from the coal itself as by-products of this coalification process.
Additionally, the physical and chemical properties of coal undergo changes during this
process. Three levels of coal rank are explained below (Saulsberry et al., 1996):


Lignite: It is a black coal type in which the changes of vegetal material has
occurred to a greater extent than in peat.



Bituminous: A soft coal which burns freely with flame. It yields a volatile matter
when heated.



Anthracite: A black, lustrous coal having more than 92 % as fixed carbon. These
coals usually display very low permeability characteristics.
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Most commercial coalbed methane reservoirs possess coal having rank in the range of
sub-bituminous to low volatile bituminous.
2.1.2.3 Permeability
Permeability is defined as the ability of a material to allow a given fluid to pass through
its porous medium. The natural fractures running through a coal deposits have
permeability orders of magnitude more than coal matrix (Seidle, 2011). Coal systems are
significantly heterogeneous reservoirs whose permeability depends on geological age,
rank, water and gas saturations, in-situ stresses and sorbed gas content.
Absolute permeability of a coal is a function of the rock, not the fluids flowing
through it. Effective permeability of a fluid flowing through a coal is a function of fluid
properties and saturation as well as absolute coal permeability. As the gas production
from coal usually involves dewatering of a coal seam, gas and water saturations in the
cleats vary over space and time. The interaction of water and gas in the cleats affects the
mobility of both, making gas-water relative permeabilities one of the controlling factors
in gas production.
Laboratory measured permeability anisotropies were found to have a 2:1 contrast
between face and butt cleats and a 100:1 contrast between face and vertical permeabilities
(Gash, 1991). Horizontal permeability anisotropy had a contrast of 17:1 in the Warrior
Basin. Thus, it can be concluded that vertical permeability plays a minor role in gas and
water production. In US, absolute permeabilities range from 0.1 to 250 mD. Cleat
spacing also controls coal permeability to a large extent. Fracture spacing can range from
one tenth of an inch to several inches (Garcia, 2004). This is influenced by coal rank,
mineral matter content, bed thickness and tectonic history. The value of permeability can
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be higher in medium-volatile bituminous than in semi-anthracite. In anthracite and semianthracite coals the permeability can be low due to destruction of cleats. (Saulsberry et.
al., 1996).
2.2 Gas Storage and Transportation through Coal
Gas storage mechanism in coal seams is one of their most distinguishing features. A
majority of gas is stored by attachment of gas molecules to the solid surface of the coal
matrix by Van der Waals forces. This process is known as Adsorption while the release of
gas from the surface is known as Desorption. This mechanism controls coal reservoir
behavior to the same extent as free gas physics does in conventional reservoir depletion
(Seidle, 2011). The sorbed gas forms a carpet of monolayer gas molecules on the surface
of coal matrix. Coal as a porous medium has large surface area available for gas
molecules to get adsorbed. Thus, coals typically contain more gas per unit volume than
sandstone reservoirs at the same temperature and pressure.
The amount of gas adsorbed on the coal surface is a function of pressure and
temperature. The gas content–pressure relation for a given coal cannot be determined
either from coal properties or wireline logs and must therefore be found out from
laboratory. Over the course of time, many relations have been fit to gas content–pressure
data. However, the most successful is the one predicted by Langmuir.
During the period before starting the production from a CBM reservoir, there can
exist two conditions: undersaturation and oversaturation. Undersaturation occurs when
the gas adsorbed on coal surface is less than what the coal is theoretically capable of
holding at the given matrix pressure. Oversaturation is the opposite case and occurs when
the adsorption capacity of the coal has been reached and yet we have “free gas” in the
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system, which is then stored in natural fractures. In this study, it has been assumed that
the system is undersaturated for all the cases generated.
2.2.1 Langmuir Adsorption Isotherm
Pressure and temperature are the two controlling parameters for the volume of gas that
can be adsorbed on the surface of coal. With the increase in pressure at a given
temperature, the amount of adsorbed gas increases. However, this phenomenon continues
until a certain saturation pressure is reached, after which any increase in pressure will
have no effect on adsorption of gas on coal surface.
At any given pressure, the amount of adsorbed gas varies inversely with
temperature. Thus, cooler coals have higher capacity to hold gas as compared to warmer
coals. However, during the course of production from coalbed methane reservoirs, the
reservoir temperature remains almost constant and thus, we can assume isothermal
conditions. For such conditions, the pressure–gas content relationship is known as
Sorption Isotherm (Seidle, 2011).
Over the course of time, many researchers tried to develop equations that could fit
to gas content–pressure data. However, amongst the most successful and popular ones are
the Langmuir and Freudlich isotherm equations. Most of the experimental data from
coals of all ranks and all geologic ages can be described by Langmuir’s equation, which
is given by:
V  VL

P
P  PL

where: V = gas content, SCF/ton
VL = Langmuir volume constant, SCF/ton
P = Pressure, psia
PL = Langmuir pressure constant, psia

(2.1)
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An example Langmuir Adsorption Isotherm is presented in Figure 2.3.

Gas Content (SCF/ton)

Langmuir Adsorption Isotherm
500
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300
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1000

1500
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Figure 2.3: Langmuir’s Adsorption Isotherm for VL = 500 SCF/ton and PL = 225 psia

As pressure increases without any limit, Equation 2.1 indicates that the gas
content approaches VL. The Langmuir volume constant represents the maximum
theoretical adsorption capacity of the given coal system. When pressure equals PL, the
gas content (V) is half the value of VL.
Moisture content, ash content and coal rank are other important parameters that
affect the sorption isotherms. At a given pressure, the volume of gas that can be adsorbed
decreases as water molecules blocks gas sorption sites. This especially affects low–rank
coals which preferentially adsorb water over methane.
Ash content also decreases the sorption capacity of coal. Mathematically, the
Langmuir volumes must be corrected for ash and moisture content. The dry, ash free VL is
given by:

12

VLaf 

VLis
(1  a  w)

(2.2)

where: VLaf = dry, ash-free Langmuir volume constant, SCF/ton
VLis = in–situ Langmuir volume constant, SCF/ton
a = ash mass fraction
w = equilibrium moisture mass fraction
With the increase in coal rank, the sorption capacity of the coal system also increases.
Higher rank coal have larger surface area than low-rank coals, therefore allowing more
gas to get adsorbed at a given pressure.
2.2.2 Gas Desorption
Coals contain gas in the cleat system due to compression and in the matrix system due to
adsorption. Adsorption, also known as Sorption, depends on the molecular Van der
Waal’s forces of mutual attraction between gas and solid surface molecules (Seidle,
2011). When the pressure in matrix is reduced, gas is desorbed from the surface and this
depends on coal temperature, coal rank, porosity distribution and gas composition
(Bertard et. al., 1970).
Gas release can be conceptualized as diffusion of gas, which is characterized by a
single diffusion constant. If it is assumed that coal particles are spherical and contain
unique porosity distribution, the desorbed gas fraction can be written as (Crank, 1975):

V
6  1
 1  2  2 exp(n2 2tDs )
Vt
 n1 n
where: V = desorbed gas volume, cm3
Vt = total desorbed gas volume, cm3
tDs = dimensionless time

(2.3)
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The dimensionless time is defined by:
t Ds 

Dt
rp2

(2.4)

where: D = Diffusion coefficient, cm2/sec
t = time, sec
rp = particle radius, cm
The ratio (D/rp2) is known as Diffusivity with dimensions of [sec]-1. Many reservoir
engineering applications are more concerned with the time required to desorb a given
volume of gas than detailed physics of desorption, it is sometimes assumed that the gas
release from the matrix system is taking place as a pseudo–steady state process. Thus, the
gas desorption in many coalbed methane reservoir simulators is expressed by (Saulsberry
et. al., 1996):
V
 1  exp(t D )
Vt

(2.5)

where:  = dimensionless constant
When the exponential argument in R.H.S. of Eqn. (2.3) becomes 1, we can conclude that
63.2% of the total gas has been desorbed. This time is known as Sorption time and is a
characteristic of the coal system.
2.2.3 Gas transportation mechanism in Coalbed Methane Reservoirs
Almost all of the gas present in coalbed system is in adsorbed state on the coal surface.
The coal’s internal surface, also known as matrix, is unfractured. Gas travels from this
surface to the production well in three distinct mechanisms: (1) Desorption from coal
surface, (2) Fickian (due to concentration gradients) and Darcian (due to pressure
gradients) flows from matrix to natural fractures and (3) Darcian flow through the
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fracture system. These flow mechanisms are shown in Figure 2.4 below. Gas desorption
from coal matrix surface is already explained in Section 2.2.2 and hence need not be
repeated here.

Figure 2.4: Gas flow mechanisms in coalbed methane reservoirs (after Remner et.
al., 1986)
2.2.3.1 Transport mechanism from matrix to fractures
The matrix permeability of coalbed systems exists in the range of 0.1 to 10-7 mD.
Therefore, the gas flow in such tight systems is governed by Darcian flow as well as
Fickian flow (Ertekin et. al., 1986). Darcian or viscous flow is controlled by pressure
gradients inside the matrix system while Fickian flow is controlled by concentration
gradients. This flow mechanism is known as Multi-mechanistic and occurs for very tight
reservoir systems such as coalbed methane and shale gas.
Diffusion is a process in which flow occurs via random molecular motion from a
region of high concentration to a region of low concentration (Smith and Williams, 1984;
Kolesar and Ertekin, 1986). It was found that diffusion is a combination of Knudsen
diffusion, bulk diffusion and surface diffusion. If the molecule–molecule interactions
dominate (i.e. pore radius is large as compared to molecule mean free path) and the
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diffusivity is inversely proportional to the flowing pressure, then bulk flow dominates. If,
however, molecule–surface interactions dominate (i.e. pore is small as compared to
molecule mean free path) and the diffusivity is independent of flowing pressure, then
Knudsen flow dominates. When an adsorbed gas layer is present, surface diffusion takes
place predominantly. In this study, it was assumed that the diffusivity is constant with
flowing pressure and thus only Knudsen flow takes place. In reality, however, all the
three diffusional flow mechanisms take place simultaneously.
The diffusion process is given by Fick’s law and is described by Equation (2.6)
below (Saulsberry et. al., 1996):
qgm 

8 DVm
(Cm  C ( p))
sf 2

(2.6)

where: qgm = Gas production rate from coal matrix, SCF/day
D = Diffusion coefficient, ft2/day
Vm = Matrix volume, ft3
sf = Fracture spacing, ft
Cm = Matrix gas concentration, SCF/ft3
C(p) = Equilibrium concentration at matrix–cleat boundary, SCF/ft3
This equation gives us the rate of flow from matrix element to the cleat system.
Diffusional effects can be quantified by determining a characteristics time, also known as
Sorption time, which is related to coal matrix shape factor and diffusion coefficient and is
given by:



1
D

where:  = Sorption time, sec
 = Coal matrix shape factor, cm-2
D = Diffusion coefficient, cm2/sec

(2.7)
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The coal matrix shape factor for different matrix geometries is given in Table 2.1
below:
Table 2.1: Warren and Root matrix shape factors
Matrix Geometry  (cm-2)
Cubic
60/lc

2

Spherical
15/rs2

Cylindrical
8/rc

2

Slab
12/hsL2

where: lc = length of the side of the cube, cm
rs = radius of the sphere, cm
rc = radius of the cylinder, cm
hsL = height of the slab, cm
In this study, since the matrix elements are slabs, the matrix shape factor is 12/hsL2.
In a general sense, Darcy’s law states that the apparent velocity of a flowing fluid
in a porous media is directly proportional to the applied pressure gradient. The
proportionality constant is the hydraulic conductivity of the medium, which is the
permeability of the medium divided by the dynamic viscosity of the fluid. The
assumptions on which this law is based include: (i) a single, incompressible fluid is
flowing, (ii) flow is in viscous or laminar regime, (iii) the fluid is immobile at the pore
walls, (iv) isothermal conditions prevail and (v) the fluid and media are non–reactive.
Darcy’s law is applied to reservoirs with simultaneous flow of more than one
fluid by considering the effective permeability to each flowing phase (Saulsberry et. al.,
1996). The effective permeability of individual flowing phases is always less than the
absolute permeability of the porous media and the sum of effective permeabilities of all
flowing phases is less than or equal to the absolute permeability. The ratio of effective
permeability of each flowing phase to the absolute permeability is known as relative
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permeability of that phase and is an important factor in determining flow rate in a
Darcian flow regime.
It has been assumed that the gas always flows under the simultaneous influence of
a pressure field (macroscopic flow) and a concentration field (random molecular flow).
Thus, the driving mechanisms exerted by these fields are acting in parallel (i.e. the
velocity fields generated are additive).
2.3 Horizontal well applications in Coalbed Methane Reservoirs
It is possible to produce methane through small diameter horizontal holes (Maricic et. al.,
2008). The critical advantages of implementing horizontal wells are that the well
direction, shape and position can be controlled. This is particularly important in coalbed
methane systems where the reservoir thickness is in the range of few feets. If the
principle directions of permeability are known, then an almost ideal placement of
horizontal wells can be accomplished, thus contributing significantly to draining large
areas of coalbed methane reservoirs. Also, length of borehole is another important
parameter which can influence the production rate to a large extent.
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Figure 2.5: Example of a Vertical and Horizontal well drilled in a Reservoir
(adapted from U.S. Energy Information Administration)
By placing horizontal borehole perpendicular to face-cleat direction, maximum
access to the primary flow channels can be obtained (Logan, 1988). This also provides an
effective stimulation technique. One of the critical advantages of horizontal wells is that
it increases the sweep efficiency. The dewatering phase, in which the coal seams produce
mostly water, occurs rather quickly in case of horizontal wells than in vertical wells. This
in turn triggers desorption process at an earlier time, enabling the gas production rate to
reach its peak earlier. The rate of production curve, after this point, follows that of a
conventional gas reservoir. Thus, dewatering of the coal seams and the attainment of the
peak gas rate occur at an earlier time in horizontal wells. It also suggests that the payback
period for this type of well configurations is less as compared to vertical well structures.
Vertical wells allow only a small contact between themselves and the coal seams.
This is especially disadvantageous in CBM reservoirs where the thickness ranges from 5–
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40 ft. The well is in contact only for those few feets with the reservoir. Thus, vertical
wells are rarely acceptable producers (Maricic, 2008). Production rates in these well
types do not exceed a few thousand cf/Day and these are hindered by the relative
permeability problems caused by the presence of associated water (Deimbacher et. al.,
1992). A typical comparison of production rates of gas from vertical and horizontal wells
is shown in Figure 2.6.
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Figure 2.6: A comparison of horizontal & vertical well performance in CBM
reservoirs
Typical disadvantages of drilling horizontal wells are the high costs associated
with these well structures as compared to vertical well. In U.S., a new horizontal well
drilled from the surface costs about 1.5 to 2.5 times more than a vertical well while a reentry horizontal well costs about 0.4 to 1.3 times a vertical well costs (Joshi, 2003). Also,
generally only one zone can be produced at a given time using a horizontal well.
However, this presents a relatively small problem in CBM reservoirs as we usually have
a pay zone of 5–40 ft thickness. In addition, the overall commercial success rate of
horizontal wells in the U.S. is around 65% (Joshi, 2003). This means that it is probable
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that only 2 out of 3 drilled wells will be commercially successful. However, the project
economics involved and the benefits of drilling horizontal wells override the
disadvantages and should be considered a viable option for CBM development.
2.4 Artificial Neural Networks (ANN)
Artificial neural networks, similar to biological neural networks, are information
processing models that possess certain performance characteristics (Fausett, 1994).
ANNs are built on the following assumptions:
(1) Neurons act as information carrying elements.
(2) Connection links are used to pass between neurons from one layer to another.
(3) Each connection link has some weight associated which is multiplied by the
signal to be transmitted.
(4) Each neuron uses an activation function to determine its outputs from the input
signal that it receives.
A neural network consists of one input layer, one output layer and one or more hidden
layers of varying number of neurons. The number of layers and neurons depends upon
the type of problem that the network needs to handle and increases with an increase in
complexity of the problem. The network (or net as it is generally called) takes the input
through the input layer. The output is provided through the outermost layer, known as the
output layer. All the layers between these two extreme layers are known as hidden layer.
A typical ANN architecture is shown in Figure 2.7 below.
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Input Layer

Hidden Layer

Output Layer

Figure 2.7: A typical architecture of ANN
Each neuron is connected to other neurons through directed communication links
containing an associated weight with them. After processing the input signal that it has
received through the predetermined activation functions, each neuron transmits its output
signal to the neurons present in the next layer. Also, a network has to be optimized for the
number of hidden layers, number of neurons in each hidden layer and the activation
function for layer. This is a heuristic process which starts with one hidden layer and
number of neurons equal to the number of outputs. Then, we gradually increase the
number of neurons as well as the number of hidden layers in the architecture till we reach
a minima in terms of errors. In the process, the activation functions are also varied
heuristically to check for optimization. The architecture that gives minimum error for the
testing sets is selected for further predictions.
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Artificial Neural Networks find application in signal processing, pattern
recognition, speech recognition, vehicle navigation, banking, defense, transportation, etc.
In oil and gas field, ANNs are used for prediction of two and three phase relative
permeability (Silpngarmlers, 2002), for pressure transient analysis in double porosity
reservoirs (Al-Ajmi, 2003), for screening and designing improved oil recovery methods
(Parada, 2008), for optimization of cyclic pressure pulsing in naturally fractured depleted
reservoirs (Artun, 2008), for prediction of gas and water production profiles from coalbed
methane reservoirs (Srinivasan, 2008) etc. Thus, ANNs have been successfully used in
oil and gas fields for production performance predictions and field optimization
applications.
2.4.1 Feed-forward Backpropagation Algorithm
In a Feed-forward network, information is always carried in the forward direction. Each
input layer neuron receives an input signal, which it broadcasts to the following hidden
layer neurons after its activation has been computed. Each hidden layer neuron then
applies the same procedure to transmit their signals to the output layer neurons, which
then calculates the response of the trained network for the given input pattern (Fausett,
1994). Backpropagation is a gradient descent training algorithm in which the weights and
biases are updated in the direction of decreasing performance function or the negative of
the gradient. The errors are calculated from the difference between given target and the
predicted outputs. Thus, once the signal reaches the output layer, the weights and biases
are adjusted based on the errors that are calculated. This type of learning method requires
the use of continuous transfer functions such as tansig or logsig since derivatives are used
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in the training. A typical schematic for a Feed-forward backpropagation network is
shown in Figure 2.8.

Target

Input

Neural Network
containing weights and
biases between neurons

Output
Compare

Calculate gradient & adjust
weights and biases

Figure 2.8: Schematic of a Feed-forward Backpropagation Network (adapted from
Demuth et. al., 2006)
One of the iteration of the backpropagation training algorithm can be given by:
xk+1 = xk – αkgk

(2.8)

where: xk = vector of current weights and biases
gk = current gradient
αk = current learning rate
During training of a neural network, the database is randomly divided into 3 sets:
training, validation and testing. The network uses training and validation data sets for
adjusting the weights and biases between the layers. It should be noted here that the
network does not use any information from testing data set and uses it for applying its
trained network architecture only. Thus, a network will experience significantly less error
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on its training and validation data sets as it moves towards reducing its error in these data
sets while the error in testing data set is comparatively large. It is, therefore, extremely
important to divide the data sets on a random basis and to include as varied information
in training data set as possible so that the network will be able to train itself on the entire
span of input variable ranges.
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Chapter 3
PROBLEM STATEMENT
The principal objective of this research is to construct an expert system which is capable
of mimicking the reservoir simulator in predicting the performance of Coalbed Methane
(CBM) reservoirs. Reservoir simulation is a powerful tool which enables a reservoir
engineer to analyze the performance of a given reservoir and suggest an optimal
development plan. Time is an essential parameter in this analysis and generally it takes an
extensive amount of time to analyze different production scenario and arrive at the
optimum plan.
Artificial expert systems have the ability to learn complex non-linear relationships
between input and output variables and thus, help in development of above mentioned
objectives. Once a properly trained and validated expert system is prepared, it serves as
an excellent tool in predicting reservoir performance within fraction of seconds. It was
therefore imperative to construct a strong neural network that can be used to perform the
optimization studies.
For this study, a forward looking neural network that would predict the
production performance parameters was constructed. A total of 5 network models were
developed in this part, three of which predicted gas and water cumulative productions and
instantaneous gas production rates for CBM reservoirs containing horizontal wells while
other two predicted gas and water cumulative productions for CBM reservoirs with
vertical wells. Forward looking ANN involved taking 12 reservoirs characteristics and 4
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design parameters as input and predicting the previously mentioned performance
parameters.
In addition to this, an inverse looking neural network that is able to predict
reservoir characteristics once design parameters and cumulative gas production data are
provided is developed. This network helps in assisted history matching studies by
providing an initial estimate of reservoir characteristics. A total of 11 reservoir
characteristics are predicted by this network.
Finally, the networks developed in forward looking model are used for field
optimization studies. In this part, if the reservoir characteristics (including the total field
area) and economic parameters are provided, then the MATLAB developed protocol is
able to predict the optimum development plan based on the optimization of Net Present
Value (NPV). The key parameters predicted by the protocol include number of units to be
developed in the total field, drainage area of each unit, sandface pressure, length of
horizontal well and stimulation required (i.e. skin) as well as cumulative gas and water
productions. A comparison of cumulative gas and water productions for reservoirs
containing horizontal and vertical wells is then presented.
This way of approaching the optimum development plan is actually related to
another form of inverse looking neural network in which design parameters are predicted
if reservoir characteristics and production data are provided. However, in the approach
that is followed in this study, only reservoir characteristics and economic parameters are
required as inputs since the design parameters are then varied iteratively to arrive at the
optimum plan.
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A graphical user interface (GUI) is also developed in MATLAB, which enables
the user to employ the expert system either for production performance prediction (i.e.
forward looking ANN) or for reservoir characteristics prediction (i.e. inverse looking
ANN) or for field optimization studies. The GUI integrates all the 3 parts and reduces
interaction of the user with the actual MATLAB programming used to develop the expert
systems.
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Chapter 4
DATA GENERATION
One of the most critical steps in development of an expert system involves using a
properly generated and validated numerical model. This was accomplished using a
commercial reservoir simulation software (GEM, 2009). The numerical model developed
had to be validated against another simulator developed at Penn State (PSUCOALCOMP). This is extremely critical since the expert system will make prediction
based on the knowledge it has gained from the numerical model-generated data.
This chapter will discuss the development of numerical model, validation of the
model, sensitivity analysis and finally the database generation.
4.1 Numerical Model
The numerical model used is developed in CMG-GEM simulator. GEM is CMG’s
advanced general equation-of-state compositional simulator which includes options such
as equation-of-state, dual porosity, coalbed methane, shale gas, CO2, miscible gases,
volatile oil, gas condensate, horizontal wells, well management, complex phase behavior
and many more (GEM, 2009). When a model is developed in CMG, a data file is created
which includes the information of the reservoir and operation conditions. A sample data
file is given in Appendix A.
4.1.1 Description of Data file
In order to generate a model, we need to establish rock and fluid properties as well as the
operating conditions of the wells drilled into the reservoir. At the start, we have to
provide the grid system in which the reservoir will be discretized. In this study, the
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Cartesian coordinate system was used and the reservoir was divided into 21 × 21 × 5 grid
blocks. The number of grid blocks were chosen based on the sensitivity analysis, which
will be explained in Section 4.3. Other reservoir properties such as porosities and
permeabilities of matrix and fractures, grid top, natural fracture spacing are also defined.
In the next section, number of components present are specified. It has been
assumed that the gas is composed of only methane. Thus, the components present in this
study are methane and water. All the thermo-physical properties of these components are
pre-defined in the simulator and are used as it is.
After this, rock and fluid properties are provided. This includes the relative
permeability data, coal densities in matrix and fractures, Langmuir volume and pressure
constants and coal desorption time. As explained earlier in Chapter 2, all of these
properties are used to construct Langmuir Adsorption Isotherm, which is given by
following equation:
V  VL

P
P  PL

(4.1)

where: V = gas content, SCF/ton
VL = Langmuir volume constant, SCF/ton
P = Pressure, psia
PL = Langmuir pressure constant, psia
After specifying the rock and fluid properties, initial conditions are provided. This section
is particularly important since the coal seams are always assumed to exist in
undersaturated condition. This means that all the available gas is adsorbed on the coal
surface and that the theoretical adsorption limit of coal seams is not reached. This
condition is shown in following figure:

30

Langmuir Adsorption Isotherm
Gas Content (SCF/ton)

500
400
300
200

: Initial reservoir condition

100

: Reservoir depletion path

0
0

500

1000

1500

2000

Pressure (psia)

Figure 4.1: An example of Langmuir Adsorption Isotherm with undersaturated
condition
As shown in Figure 4.1, the black dot represents the initial reservoir condition. The solid
black line represents the typical path coal seams would take when the reservoir is
undersaturated. As the well is put on production, the pressure of the reservoir would
decrease as water production takes place. Once the matrix pressure reaches the pressure
specified by Langmuir Adsorption Isotherm (given by equation 4.1), the gas starts
desorbing from coal surface, leading to gas production after overcoming the gas residual
saturation value. At this point, the reservoir acts as being saturated with gas and the
reservoir depletion path follows that of Langmuir Adsorption Isotherm.
In the last part of the data file, well and recurrent data such as the number and
position of injection and production wells, their operating conditions are provided. In this
study, only one production well, placed at the center of the reservoir and operating at
constant bottomhole pressure (or sandface pressure), is specified.
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4.1.2 Assumptions used in construction of numerical model
A number of key assumptions were made while preparing the numerical model. These are
summarized as below:


Square shaped reservoir represented by Cartesian coordinate system



A single production well placed at the center of the reservoir



Constant bottomhole pressure specification at the well



Constant well radius of 0.25 ft



Small drilling radius of horizontal well



Horizontal well is drilled perpendicular to the direction of face cleats, which has
higher permeability as compared to butt cleats



Constant grid top of 1100 ft



Darcy’s law applies for flow in matrix and fractures (i.e. turbulent flow is not
experienced)



Capillary pressures are zero throughout



Undersaturated conditions exist (refer Figure 4.1)



Only methane and water components are present



Permeability distribution is homogeneous, although fracture permeabilities are
anisotropic



Constant reservoir temperature of 113 F



Effect of stress on changes in porosity and permeability are neglected
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4.2 Validation of the model
The numerical model generated is validated against PSU-COALCOMP, a coalbed
methane simulator developed at Penn State. This step is important since all the
knowledgebase for the training of expert system will be generated from this validated
model. As can be seen from Figure 4.2, there is good match between the models
generated in CMG and PSU-COALCOMP. The reservoir properties and design
parameters for which these runs were generated are given in Tables 4.1 and 4.2 below.
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Figure 4.2: Validation of numerical model against in-house simulator
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Table 4.1: Reservoir Characteristics used for validation purposes
Sr. No. Reservoir Property
Value
1.

Matrix porosity (fraction)

0.1089

2.

Fracture porosity (fraction)

0.0107

3.

Coal density (lb/ft3)

4.

Langmuir volume constant

99.9
660.36

(SCF/ton)
5.

Langmuir pressure constant (psia)

209.95

6.

Initial reservoir pressure (psia)

2631.6

7.

Matrix permeability (mD)

0.0055

8.

Face cleat permeability (mD)

108.34

9.

Butt cleat permeability (mD)

9.05

10.

Reservoir thickness (ft)

25.14

11.

Initial gas content (SCF/ton)

556.30

12.

Coal sorption time (days)

138.58

Table 4.2: Design parameters used for validation purposes
Sr. No. Design Parameter
Value
1.

Skin (dimensionless)

-0.61

2.

Drainage Area (acres)

75.75

3.

Sandface pressure (psia)

46.52

4.

Horizontal well length (ft)

778.53
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4.3 Sensitivity checks
When a reservoir model is prepared, the actual reservoir volume is divided into a number
of grid blocks. This step is known as discretization and reflects the degree of accuracy as
desired by the user. Although the use of large number of grid blocks will decrease
numerical dispersion and other errors generated during calculation, it is not often possible
to run the simulations for long periods of time. Same is the case for selection of time step
values. Hence, the use of fully implicit formulation is desirable as larger time steps can
be used.
Figures 4.3 and 4.4 show the grid sensitivity analysis performed for grid block
number variation in areal as well as in vertical direction. No noticeable changes are
observed after the selection of 21 × 21 grid matrix in areal surface and 5 blocks in
vertical direction and hence these are selected as final grid system for simulation runs.
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Figure 4.3: Areal grid sensitivity analysis
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Vertical Grid Sensitivity Analysis
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Figure 4.4: Vertical grid sensitivity analysis
In case of time step selection, very small values (~ 10-4 days) are required at the
start of simulation as maximum pressure and saturation changes take place initially. After
the solution has been stabilized, time step value is then increased to a maximum of 10
days.
4.4 Knowledgebase generation
The generation of knowledgebase for training of expert systems includes input
information such as reservoir characteristics and design parameters and output or target
information such as gas and water cumulative productions as well as gas instantaneous
production rates. In this study, 2 basic types of ANN’s were trained: (i) Forward looking
ANN which predicts gas and water productions and gas instantaneous production rates if
reservoir characteristics and design parameters are provided and (ii) Inverse looking
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ANN which predicts reservoir characteristics once cumulative gas production data and
design parameters are provided. In case of forward looking ANN, total input variables are
16 and target points are 243 while for inverse looking ANN, these are 17 and 11
respectively.
In order to generate the database, the reservoir characteristics and design
parameters are varied in specified range as shown in Tables 4.3 and 4.4. A total of 2025
cases were generated and used to create different simulation run files using a code
developed in MATLAB. As stated elsewhere (Bansal, 2009), a batch file was created to
run all these cases in reservoir simulator. Again, to extract the results of the simulation,
another code was developed in MATLAB. This code extracts information such as
cumulative gas and water production and instantaneous gas production at specified times.
At the end, a record of all these input and target information is kept in excel sheets, which
is then used for training of ANN. Sample MATLAB codes for generation of different
simulation cases and batch file is given in Appendix A.
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Table 4.3: Range of Reservoir Characteristics
Sr. No. Reservoir Property
Minimum Value Maximum Value
1.

Matrix porosity (fraction)

0.04

0.15

2.

Fracture porosity (fraction)

0.01

0.04

3.

Coal density (lb/ft3)

89.58

108

4.

Langmuir volume constant

300

800

(SCF/ton)
5.

Langmuir pressure constant (psia)

100

1000

6.

Initial reservoir pressure (psia)

1000

3500

7.

Matrix permeability (mD)

0.0001

0.1

8.

Face cleat permeability (mD)

1

150

9.

Butt cleat permeability (mD)

1

140

10.

Reservoir thickness (ft)

5

40

11.

Initial gas content (SCF/ton)

300

750

12.

Coal sorption time (days)

15

200

Sr. No.

Table 4.4: Range of Design Parameters
Design Parameter
Minimum Value

Maximum Value

1.

Skin (dimensionless)

-3

5

2.

Drainage Area (acres)

20

200

3.

Sandface pressure (psia)

14.7

550

4.

Horizontal well length (ft)

200

2000
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Chapter 5
STAGES OF DEVELOPMENT
Once the database is prepared, the next step in development of expert system involves
constructing the architecture of the neural network. In this chapter, the steps involved in
building networks for production performance prediction and for reservoir characteristics
prediction are explained in detail. Lastly, the information required for optimization of
field development pattern is given.
5.1 General Procedure for Designing Network
After generating the knowledgebase, following steps are followed to construct the
architecture of a neural network (Kulga, 2010):
Step 1: Select an initial configuration containing one hidden layer with 5 neurons and
randomly selected transfer functions.
Step 2: Heuristically conduct a number of experiments and retain the best network from
each configuration. A number of experiments are required for each configuration to avoid
halting the training of network at a local minima. It is also suggested to perform
resampling at this step.
Step 3: During each experiment, if underlearning occurs, additional neurons must be
added to the hidden layer(s). If this does not improve the network performance, addition
of an extra hidden layer is required.
Step 4: If overlearning is occurring, try to reduce the number of neurons in hidden layers.
At times, even the removal of an entire hidden layer may be considered.
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Step 5: After an effective configuration is determined experimentally, resample and
generate new networks with that configuration.
5.1.1 Overlearning, Underlearning and Generalization
There are certain problems that neural networks encounter while training is going on.
These include overlearning and underlearning. Overlearning or memorization occurs
when the network starts to memorize the given data instead of generalizing it. This can
result due to complex network architecture and longer training periods. Initially, the
results from a overtrained network appear to be in very good agreement with the target
values. This happens also due to the fact that overtrained networks produce very low
error values during training procedure. However, when these networks are tested with
new data sets, the network does not produce proper results.
Underlearning takes place due to lack of training from short training periods or
the architecture is not sophisticated enough to handle the complexity of the problem or
the database is not sufficient enough to provide information about the variations in input
and output variables. However, this can be detected during training process as
undertrained networks usually result in very poor performance.
To obtain a generalized network, the data sets are divided into 3 parts, namely
training sets, validation sets and testing sets. During training, the information from
validation and testing sets is not used and the error in validation sets is monitored. As the
training continues, the validation error as well as training error should decrease.
However, at certain point, the validation error starts to increase, which indicates that the
network has started to memorize the relationship between input and output variables.
When overlearning occurs, the training must be stopped. As shown in Figure 5.1, the

40

validation error starts to increase after about 2818 epochs. To avoid overlearning, the
training must be stopped after this point. However, there is another situation which must
be avoided at this point.

Figure 5.1: Typical network performance during training phase

The network has a tendency to approach global minima by passing through
various local minima values. If the training is stopped at one of the local minima,
optimum training of the network is not obtained. It is important to avoid local minima
which are not the solution to the problem and to make sure that the network’s global
minima is reached. As can be seen in Figure 5.1, the network actually encounters a
number of local minima before hitting the global minima value. For the networks trained
in this study, typically 5-10 local minima were observed.
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5.2 Forward Looking ANN – Production Performance Prediction
The goal of this expert system is to predict instantaneous production rates of gas and
cumulative production of gas and water for coalbed methane reservoirs with vertical or
horizontal wells. Thus, a total of 5 networks were developed for this study. The variables
that were included are given in Tables 4.3 and 4.4. These variables were selected from
literature review and also considering their effects on production rates of gas and water.
The procedure as explained in Section 5.1 is applied to develop the network
architecture for all the following networks. To create a more effective network, the
following components were changed:
i)

Training algorithms

ii) Number of neurons
iii) Number of hidden layers
iv) Type of activation functions
In the development of following networks, addition of more than one hidden layer
made significant improvement in reducing the error. There may be several hidden layers
in a design and there is no theoretical limit on the number of hidden layers that can be or
should be used. Generally, as the number of neurons, number of hidden layers and
transfer functions are changed, the performance function passes through a maxima,
indicating that after a certain point, increase in neurons or hidden layer will serve to
increase the overall error predicted by the network. Thus, the architecture that gave
minimum overall error was selected for training of each network. Also, providing input
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and target information in the form of logarithmic values increased the performance of
networks.
Functional links are additional input or output parameters providing relationships
between inputs and outputs. These additional relationships between inputs and outputs
develop better predictions (Siripatrachai, 2011; Kulga, 2010 and Artun, 2008). However,
when functional links were used for training of neural networks of this study, the
performance could not be improved. Hence, functional links were not used in this study.
In all of the networks designed in this study, cascade-forward backpropagation
network (newcf) with scaled conjugate gradient backpropagation (trainscg) is used.
Gradient descent with momentum weight and bias learning function (learngdm) is
employed. Mean squared error with regularization performance function (msereg) is
selected for measuring network performance.
For the training of cumulative gas production for horizontal well, a total of 2025
cases were generated. Out of these combinations, 1418 cases were used for training
(approx. 70%), 506 cases were used for validation (approx. 25%) and the rest 101 cases
were used for testing (approx. 5%). The total number of input variables were 16 (which
included all of the reservoir characteristics and design parameters) while the total number
of output or target points were 121. The target points are the cumulative production
values at equally-spaced 30-day intervals during the 10 years of production. After
heuristically varying transfer functions, hidden layers and neurons, three hidden layers
were selected containing logsig, tansig and logsig as transfer functions and 27, 35 and 39
as number of neurons. The final network architecture for the prediction of cumulative gas
production for horizontal well is shown in Figure 5.2.
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The second network trained in this section predicts the cumulative water
production for horizontal well case. For its training, a total of 2025 cases were generated.
The distribution of these cases into training, validation and testing sets is the same as was
done for the network above. Again, the input variables were 16 and target points were
121. 3 hidden layers were selected containing logsig,
tansig and logsig as transfer
n
*

= 27

functions and 25, 37 and 39 as number of neurons. For this case, the final network
architecture is shown in Figure 5.3.
Hidden Layers

Reservoir Characteristics and Design
Parameters (16 neurons)

Input Layer

(tansig)

(logsig)

(purelin)
Output Layer

Cumulative Gas Production Data @
30-day intervals (121 neurons)

(logsig)

n* = 39

n* = 35

n* = 27

n* = number of neurons

Figure 5.2: Network Architecture for prediction of cumulative gas production for
horizontal well
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The third network involves prediction of instantaneous gas production rates for
horizontal well case at 15 days of specified interval. A total of 2025 cases were
generated, the distribution of which was similar to that given in second network. The total
number of input variables was 16 and number of target points was 243. For this case, 3
hidden layers were selected with logsig, tansig and logsig as transfer functions and 31, 45
and 59 as number of neurons. The architecture of this network is shown in Figure 5.4.
Hidden Layers

(logsig)

Reservoir Characteristics and Design
Parameters (16 neurons)

Input Layer

n* = 37

(tansig)

n* = 39

(logsig)

(purelin)
Output Layer

Cumulative Water Production Data @
30-day intervals (121 neurons)

n* = 25

n* = number of neurons

Figure 5.3: Network Architecture for prediction of cumulative water production for
horizontal well
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The fourth and fifth networks predict cumulative gas and water production for
vertical case respectively. Same network architectures are used for both of them. 500
cases were generated, out of which 350 were used for training (70%), 100 for validation
(20%) and 50 for testing (10%). A total of 15 variables were given as input, which are the
same as shown in Tables 4.3 and 4.4 but without the horizontal well length. Total number
of target points were 121, each specifying cumulative gas or water production and spaced
at 30 days interval. For the training of these networks, 3 hidden layer structure was used
with logsig, tansig and logsig as transfer functions and 25, 37 and 42 as the number of
neurons. Architectures of these networks are shown in Figure 5.5.
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Hidden Layers

(tansig)

(logsig)

(purelin)

Reservoir Characteristics and Design
Parameters (16 neurons)

Input Layer

Output Layer

Instantaneous Gas Production Rate
Data @ 15-day intervals (243 neurons)

(logsig)

n* = 59

n* = 45

n* = 31

n* = number of neurons

Figure 5.4: Network Architecture for prediction of instantaneous gas production
rates for horizontal well
5.3 Inverse Looking ANN – Reservoir Characteristics Prediction
The goal of this expert system is to predict reservoir characteristics for coalbed methane
reservoirs with horizontal wells. The input and output variables are given in Table 5.1.
The ranges of the variables are the same as given in Tables 4.3 and 4.4. For this expert
system, the input information includes design parameters such as skin, sandface pressure,
area and well-length and production performance data such as cumulative gas production
data for the first 12 months. The target variables includes reservoir characteristics such as
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matrix and fracture porosities and permeabilities, PL, VL, initial gas content, thickness
and density of coal.
Table 5.1: Input and Output variables used in prediction of reservoir
characteristics
Input Variables
Design Parameters
Initial reservoir pressure

Cumulative Gas
Production Data

Reservoir Characteristics
Predicted

Q1st month

Matrix porosity

Skin

Q2nd month

Fracture porosity

Sandface pressure (psia)

Q3rd month

Coal density (lb/ft3)

Drainage area (acres)

Q4th month

(psia)

Horizontal well length
(ft)

Q5th month

Langmuir volume constant
(SCF/ton)
Langmuir pressure constant
(psia)

Q6th month

Coal desorption time (days)

Q7th month

Matrix permeability (mD)

Q8th month

Face cleat permeability (mD)

Q9th month

Butt cleat permeability (mD)

Q10th month

Reservoir thickness (ft)

Q11th month

Initial gas content (SCF/ton)

Q12th month
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Hidden Layers
n* = 37

n* = 25

(logsig)

(tansig)

n* = 42

(logsig)

Output Layer

Reservoir Characteristics and Design
Parameters (15 neurons)

Cumulative Gas or Water Production
Data @ 30-day intervals (121 neurons)

Input Layer

(purelin)

n* = number of neurons

Figure 5.5: Network Architecture for prediction of cumulative gas and water
production for vertical well
A total of 1975 cases were used for generating the database. Three hidden layers
with tansig, tansig, logsig as transfer functions and 31, 47, 55 as number of neurons is
used. Architecture of this expert system is shown in Figure 5.6.
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Hidden Layers

(tansig)

Design Parameters and Cumulative
Gas Production Data (17 neurons)

Input Layer

(logsig)

(purelin)
Output Layer

Reservoir Characteristics (11 neurons)

(tansig)

n* = 55

n* = 47

n* = 31

n* = number of neurons

Figure 5.6: Network Architecture for prediction of reservoir characteristics for
horizontal well
5.4 Field Development Optimization Studies
In the final part of this work, optimization studies are carried out using the neural
networks developed in section 5.2. The aim of these studies is to present the user with
number and area of each areal units to be developed alongwith the optimum sandface
pressure, stimulation and horizontal well length. The optimization is based on
maximizing the Net Present Value (NPV) generated at the end of 10 years of production.
Thus, user has to enter the reservoir characteristics and economic parameters and the
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algorithm will predict the desired results. The input and output variables required to use
this optimization algorithm are given in Table 5.2.
Table 5.2: Input variables and Key performance indicators used in Field
Optimization Studies
Input Variables
Reservoir Characteristics

Economic Parameters

Key Performance
Indicators

Matrix porosity

Gas wellhead price ($/MSCF)

Number of units in X-direction

Fracture porosity

Drilling cost ($/ft)

Number of units in Y-direction

Coal density (lb/ft3)

Well operating cost ($/month)

Langmuir volume constant
(SCF/ton)
Langmuir pressure constant
(psia)

Stimulation cost ($/well)

Water treatment cost ($/bbl)

Coal desorption time

Royalty interest (% of gross

(days)

revenue)

Initial reservoir pressure
(psia)

Drainage area of each unit
(acres)
Optimal well length in each
unit (ft)
Sandface pressure (psia)

Stimulation factor (skin)
Cumulative gas production

Taxes (% of net revenue)

with horizontal well
(MMSCF)
Equivalent cumulative gas

Matrix permeability (mD)

production with vertical well
(MMSCF)

Face cleat permeability

Cumulative water production

(mD)

with horizontal well (bbl)

Butt cleat permeability

Recovery factor after 10 years

(mD)

of production (%)

Reservoir thickness (ft)

Net Present Value ($M)

Initial gas content
(SCF/ton)
Length of reservoir (ft)
Breadth of reservoir (ft)
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The equations used for performing Net Present Value (NPV) calculations are shown
below:
Let A = Gross Revenue ($)
B = Net Revenue after Royalty tax ($)
C = Net Profit after tax ($)
Therefore, A = Revenue due to selling of gas – [Drilling cost of horizontal well +
Operating cost of well + Water disposal cost + Well stimulation cost]

(5.1)

Then, B and C can be defined as:
B = A – (Royalty interest) × A

(5.2)

and C = B – (Taxes on net revenue) × B

(5.3)

Thus, once all the economic parameters are provided, net revenue and net profit after tax
are very easily calculated.
In fact, the future value of the current assets is none other than C (i.e. net profit after tax).
The NPV is defined as:

NPV 

F
(1  i)n

(5.4)

where: F = Future value (i.e. net profit after tax)
i = Monthly interest rate = 0.01
n = Total period = 120 months in our case
Thus, the NPV can be calculated by equation 5.4 if all the required economic parameters
are provided.
The algorithm to find out the optimum field development plan is given in Figure 5.7
below.
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Provide Reservoir Characteristics and Economic Parameters

Divide the reservoir into units of 200 acres or less

Vary the horizontal well length, stimulation ratio and sandface
pressure iteratively

Calculate cumulative gas production and Net Present Value (NPV)
using forward looking models

No

Is unit area
= 20 acres?

Yes
Compare the NPV for all the units and report the design
parameters for which highest NPV is obtained

Report % Recovery factor, cumulative water production for
suggested design conditions and equivalent cumulative gas
production for vertical well case

Figure 5.7: Algorithm for field development design protocol
Thus, the field optimization algorithm is basically using the forward neural networks
developed in section 5.2, however, without the knowledge of any given design
parameters. Provided with only reservoir characteristics and economic parameters, the
design parameters are thus iteratively varied within a specified range to calculate key
performance indicators, based on which, the optimum field development plan is
predicted.
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NPV has been chosen as the variable that will be maximized to develop an
optimum development plan. However, cumulative gas production can also be chosen as
the variable that must be maximized to obtain a different development plan.
It can thus be noted that the development plan places a very high confidence in
the predicting ability of the neural networks. The NPV’s are calculated at the end of 10
years of production based on the predicted cumulative gas production at that time, in
addition to the cumulative water production that will be encountered. It was thus ensured
that the networks predicting these values should have as small errors as possible (< 3%).
A graphical user interface (GUI) was developed for all the prediction networks
developed and is explained in detail in Appendix B.
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Chapter 6
RESULTS AND DISCUSSION
This chapter presents and discusses the results obtained from forward network
model developed for prediction of production performance, inverse network model
developed for prediction of reservoir characteristics and field optimization model that
predicts the most favorable development scheme which needs to be implemented. A total
of 6 neural networks were developed and optimized for this study, out of which 5 were
developed for forward cases and 1 was developed for inverse case.
6.1 Introduction
During the process of optimization of each neural network, a database or knowledgebase
is required that contains inputs files (comprising reservoir characteristics and design
parameters for forward cases and design parameters and gas cumulative production data
for inverse case) and output files (comprising gas and water production data for forward
cases and reservoir characteristics for inverse case). The database contained numerical
values ranging from 10-5 to 107. It was therefore difficult for the network to understand
and map the relations between input and output parameters. To narrow down this range,
MATLAB’s inbuilt mathematical function such as mapminmax was used, which would
convert all the data points into values ranging between -1 and 1. The usefulness of this
procedure was evident when an improved match for all the data sets was observed during
training.
The database is then divided into three sets, namely training set, validation set and
testing set. This was accomplished using MATLAB’s internal function dividerand, which
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randomly divides the dataset into the three sets named above. After varying the
percentages of datasets which would fall into each set, it was decided that 70% would go
to training, 25% would go into validation while the rest 5% would go to testing. A greater
percentage was selected for validation and testing to check and monitor the performance
of network for a wide range of datasets. A poor division of dataset might be spotted when
the error on the testing set reaches minimum at a significantly different iteration number
than the validation set error.
In the literature, different training and learning algorithms are presented.
However, for the problems encountered in this study, cascade feed forward back
propagation network works better with gradient descent method with momentum weight
and biases learning function. For training, different algorithms such as LevenbergMarquardt method (trainlm), scaled conjugate gradient method (trainscg), BFGS quasiNewton method (trainbgf) are available. But for this study, scaled conjugate method
proved to be the most effective. Levenberg-Marquardt method is actually the most
powerful, but it cannot be tested on the available machines as it requires extensive
memory space.
To monitor the performance of the network, a number of methods are available
including mean square error (mse), mean square error regularization (msereg) and mean
squared error performance derivatives function (dmse). Out of these, mean square error
regularization method was found to be most suitable. This function not only calculates
the mean square error, but also the weights and biases values at the end of each iteration.
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The overall and individual testing set errors for each network are calculated based
on the performance of the network on the testing sets. The formula by which testing set
errors are calculated is given by:
Error (%) 

| QCMG  QANN |
100
QCMG

(6.1)

where: QCMG = Cumulative gas production as given by commercial simulator, SCF
QANN = Cumulative gas production as predicted by neural network, SCF
The same formula is used for calculating the individual testing set errors. Thus, overall
error can be related to the individual testing set error as:
(6.2)
6.2 Results and Observations for Production Performance Model
In this section, the results and observations will be presented for the Forward looking
ANN or Production Performance Prediction model. This model contains a total of 5
neural networks, which predict cumulative gas and water production for horizontal well,
instantaneous gas production rate for horizontal well and gas and water cumulative
production for vertical well cases.
6.2.1 Cumulative gas production for horizontal well model
This model discusses the cumulative gas production from a CBM reservoir containing a
horizontal well. All the 16 parameters presented in Tables 4.3 and 4.4 are varied and
given as input to the neural network. The cumulative gas production values are obtained
at pre-specified time intervals of 30 days. Thus, total of 121 values were predicted over a
time frame of 10 years of actual production. Figures 6.1 through 6.5 present various
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testing set cases for which the trained network was applied. Figure 6.6 shows the
individual testing set errors.
CMG output vs ANN trained output
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Figure 6.1: Prediction of cumulative gas production for testing set # 3
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Figure 6.2: Prediction of cumulative gas production for testing set # 8
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CMG output vs ANN trained output
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Figure 6.3: Prediction of cumulative gas production for testing set # 16

CMG output vs ANN trained output
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Figure 6.4: Prediction of cumulative gas production for testing set # 18
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CMG output vs ANN trained output
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Figure 6.5: Prediction of cumulative gas production for testing set # 29
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Figure 6.6: Individual testing set errors for prediction of cumulative gas production
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As can be seen in the above figures, there is very good match between the commercial
simulator generated results and ANN predicted results. The individual testing errors
values are very small and highest error value is close to 5.5%. The overall error, which is
the average error value over the entire testing set, is around 2.153% and reflects the high
degree of accuracy of the expert system. These results are especially important since the
networks trained in this and following sections will be used for field optimization studies
later on. Another important to note here is that the network is predicting equally good
results for systems which are still in active production after 10 years of operation such as
shown in Figures 6.1, 6.2 and 6.3 and also for systems which are close to their
abandonment stage such as shown in Figures 6.4 and 6.5.
6.2.2 Cumulative water production for horizontal well model
This model discusses the cumulative water production from a CBM reservoir containing
a horizontal well. Similar to the above cumulative gas production model, all the 16
parameters presented in Tables 4.3 and 4.4 are varied and given as input to the neural
network and the cumulative water production values are obtained at pre-specified time
intervals of 30 days. Figures 6.7 through 6.11 present various testing set cases for which
the trained network was applied while Figure 6.12 shows the individual testing set errors.
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Figure 6.7: Prediction of cumulative water production for testing set # 6
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Figure 6.8: Prediction of cumulative water production for testing set # 19
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CMG output vs ANN trained output
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Figure 6.9: Prediction of cumulative water production for testing set # 20
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Figure 6.10: Prediction of cumulative water production for testing set # 23
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Figure 6.11: Prediction of cumulative water production for testing set # 36
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Figure 6.12: Individual testing set errors for prediction of cumulative water
production
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From an analysis of Figures 6.7 through 6.11, it is evident that a very good match is
observed for the prediction of cumulative water production for horizontal well case. The
individual testing set errors, as shown in Figure 6.12, are quite small and highest value
occurs at around 3.5%. The overall error is also low and is around 1.557%. Similar to
cumulative gas production cases, good matches are observed for systems that are
experiencing negligible water production and for systems that are still in active
production.
6.2.3 Instantaneous gas production rates for horizontal well model
The aim of this model is to predict the instantaneous gas production rates once the
network is supplied with input variables as listed in Tables 4.3 and 4.4. Due to large
variations in production rates values, the time interval is pre-specified at 15 days and not
the usual 30 days as was done in previous two cases. Thus, over a course of 10 years of
production, a total of 243 values need to be predicted by the neural network. Figures 6.13
through 6.17 show some of the testing set cases on which the trained neural network was
applied. The individual testing set errors are shown in Figure 6.18.
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Figure 6.13: Prediction of instantaneous gas production rate for testing set # 11
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Figure 6.14: Prediction of instantaneous gas production rate for testing set # 14
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CMG output vs ANN trained output
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Figure 6.15: Prediction of instantaneous gas production rate for testing set # 25

CMG output vs ANN trained output
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Figure 6.16: Prediction of instantaneous gas production rate for testing set # 27
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Figure 6.17: Prediction of instantaneous gas production rate for testing set # 33
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Figure 6.18: Individual testing set errors for prediction of instantaneous gas
production rates
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The ANN predicted results showed a little larger error in this case. The individual testing
set error ranged from about 5% to 14% as shown in Figure 6.18. The overall error for this
network turned out to be around 9.2%, which is higher than that obtained in previous two
networks, but is still acceptable. This error could not be reduced by increasing either
number of neurons or number of layers or both. Different functional links were also tried,
but that actually worsened the predicted results. Generally, a shift was observed, either
above or below the peak flow rate value. In terms of peak flow occurrence time, the
network did not have much problem and predicted reasonably accurate value.
6.2.4 Cumulative gas production for vertical well model
The vertical well models are developed to study the equivalent cumulative productions of
gas and water in a CBM reservoir containing a vertical well. The inputs that are given to
this network are presented in Table 4.2 and 4.3, however, without the horizontal well
length. In all, 15 input variables are required for this network. Similar to section 6.2.1, the
cumulative gas production values are obtained at pre-specified time intervals of 30 days.
Thus, a total of 121 values were predicted over a time frame of 10 years of actual
production. The performance of this network is presented in Figures 6.19 through 6.23.
Figure 6.6 shows the individual testing set errors.
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Figure 6.19: Prediction of cumulative gas production for testing set # 2 (vertical well
case)

CMG output vs ANN trained output
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Figure 6.20: Prediction of cumulative gas production for testing set # 3 (vertical well
case)
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Figure 6.21: Prediction of cumulative gas production for testing set # 8 (vertical well
case)
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Figure 6.22: Prediction of cumulative gas production for testing set # 12 (vertical
well case)
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Figure 6.23: Prediction of cumulative gas production for testing set # 17 (vertical
well case)
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Figure 6.24: Individual testing set errors for prediction of cumulative gas
production (vertical well cases)
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The comparison of results obtained from numerical model and neural networks shows
very good match for all testing sets encountered. This is evident from Figure 6.24, which
shows the individual testing set errors. The maximum value in this set was around 5.5%
and an overall error of 2.395%. Again, the network is able to capture the effects of
various input parameters that cause the cumulative production to either achieve plateau
early in production period as shown in Figures 6.20 and 6.22 or remain in active
production as shown in Figures 6.21 and 6.23.
6.2.5 Cumulative water production for vertical well model
This network predicts the cumulative water production that would take place in a
reservoir containing vertical well. Similar to cumulative gas production case presented in
section 6.2.4 above, a total of 15 input variables are required for this network. A total of
121 values of cumulative water production were predicted by the network. Figures 6.25
through 6.29 present the results obtained when trained neural network is applied to
testing set database. Figure 6.30 presents the individual testing set error encountered in
the performance evaluation of this network.
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Figure 6.25: Prediction of cumulative water production for testing set # 8 (vertical
well case)
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Figure 6.26: Prediction of cumulative water production for testing set # 9 (vertical
well case)
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Figure 6.27: Prediction of cumulative water production for testing set # 11 (vertical
well case)
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Figure 6.28: Prediction of cumulative water production for testing set # 24 (vertical
well case)
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Figure 6.29: Prediction of cumulative water production for testing set # 25 (vertical
well case)

Inidividual testing set errors
2.5

2

Error (%)

1.5

1

0.5

0

0

5

10

15

20

25

Testing set #

Figure 6.30: Individual testing set errors for prediction of cumulative water
production (vertical well cases)
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As can be seen from above figures, the results from numerical model and those predicted
by ANN exhibit a very good match. There is general trend of very good matches for
cumulative gas and water productions for both, horizontal as well as vertical cases. This
is due to the monotonic nature of the curve and also due to the development of a very
strong neural network. It is remarkable that, these results are obtained without the need
for any functional links. Also remarkable is the fact that the network is required to predict
very large number of values (121 or 243) and it does so very fantastically. In this
particular network, very small (~2.5%) error values are obtained for individual testing
sets while the overall error value is around 1.552%. Again, the network predicts very
good matches for systems that are in abandonment stage as well as for systems that are
still undergoing active production after 10 years of operation.
6.3 Results and Observations for Reservoir Characteristics Prediction Model
In this section, the results and observations will be presented for the Inverse looking
ANN or Reservoir Characteristics Prediction model. A single neural network model is
developed, which predicts reservoir properties such as matrix and fracture porosities and
permeabilities, Langmuir volume and pressure constants, reservoir thickness, coal
density, coal sorption time and initial gas content. The input parameters required for this
network include design characteristics such as sandface pressure, skin, drainage area,
horizontal well length and initial reservoir pressure. Although initial reservoir pressure is
more of a reservoir characteristic than a design parameter, average reservoir pressure is
generally known at the start of production through well test analysis.
This network analysis takes us beyond the reservoir simulator’s ability and helps
us in characterizing the reservoir with the help of design and cumulative production data.
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This procedure may be useful in assisted history matching process, wherein the reservoir
properties predicted by the network can be used as a starting point for performing history
matching analysis, thus saving a considerable portion of total analysis time.
In the Figures 6.31 through 6.41 below, the characteristics actually used in
numerical model versus those predicted by ANN are shown for certain testing sets. Also,
Figures 6.42 through 6.52 represent the individual testing errors encountered by the ANN
while Table 6.1 presents the overall error in predicting each reservoir characteristics. It
should be noted here that in Figure 6.40, the unit of initial gas content is represented in
psia since in the commercial simulator utilized in this study, the equilibrium pressure was
taken as input for initial gas content instead of the normal value in SCF/ton.
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Figure 6.31: Comparison of results for matrix porosity by numerical model and
ANN
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Figure 6.32: Comparison of results for fracture porosity by numerical model and
ANN
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Figure 6.33: Comparison of results for coal density by numerical model and ANN
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Langmuir volume constant prediction
800
CMG
ANN
700

600

VL (SCF/ton)

500

400

300

200

100

0

0

5

10

15

20
Testing set #

25

30

35

40

Figure 6.34: Comparison of results for Langmuir volume constant by numerical
model and ANN
Langmuir pressure constant prediction
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Figure 6.35: Comparison of results for Langmuir pressure constant by numerical
model and ANN
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Figure 6.36: Comparison of results for coal desorption time by numerical model and
ANN
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Figure 6.37: Comparison of results for matrix permeability by numerical model and
ANN
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Figure 6.38: Comparison of results for face cleat permeability by numerical model
and ANN
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Figure 6.39: Comparison of results for thickness by numerical model and ANN
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Initial gas content prediction
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Figure 6.40: Comparison of results for initial gas content by numerical model and
ANN
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Figure 6.41: Comparison of results for butt cleat permeability by numerical model
and ANN
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Figure 6.42: Individual testing set errors for matrix porosity prediction
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Figure 6.43: Individual testing set errors for fracture porosity prediction
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Figure 6.44: Individual testing set errors for coal density prediction
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Figure 6.45: Individual testing set errors for Langmuir volume constant prediction
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Figure 6.46: Individual testing set errors for Langmuir pressure constant prediction
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Figure 6.47: Individual testing set errors for coal desorption time prediction
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Figure 6.48: Individual testing set errors for matrix permeability prediction
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Figure 6.49: Individual testing set errors for face cleat permeability prediction
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Figure 6.50: Individual testing set errors for thickness prediction
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Figure 6.51: Individual testing set errors for initial gas content prediction
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Figure 6.52: Individual testing set errors for butt cleat permeability prediction

The errors in predicted values by the neural network lie in the range of 1% to 21% for the
reservoir characteristics. The error values in this network are high as compared to the
forward looking networks. However, this is to be expected as the network is required to
predict values as small as 10-4 to as large as 103. Thus, for example, a deviation of 0.0005
in predicting an actual value of 0.001 bring about an error of 50%. However, this is
practically acceptable as this network is going to be used as a starting point for assisted
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history matching processes. The mean absolute error values for all the reservoir
characteristics predicted for all the testing sets are shown in Table 6.1 below.
Table 6.1: Mean absolute error for reservoir characteristics prediction
Sr. No.
Reservoir Property
Mean Absolute
Error (%)
1.
Matrix porosity
9.46
2.
Fracture porosity
17.72
3.
Coal density
4.73
4.
Langmuir volume constant
18.3
5.
Langmuir pressure constant
19.15
6.
Coal desorption time
12.54
7.
Matrix permeability
21.42
8.
Face cleat permeability
17.29
9.
Butt cleat permeability
18.08
10.
Reservoir thickness
15.8
11.
Initial gas content
1.14
6.4 Results and Observations for Field Development Optimization Studies
In this section of the study, the optimization of coalbed methane field development was
carried out. This section actually uses the forward networks developed earlier and
optimizes the Net Present Value (NPV) that will be generated through the selling of
produced gas. As no neural network is developed in this part, its results are therefore
presented in the form of a case study.
6.4.1 A Case Study
The reservoir characteristics and economic parameters needed as input for this study are
given in Tables 6.2 and 6.3 respectively.
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Table 6.2: Reservoir Characteristics for field optimization case study
Sr. No. Reservoir Property
Value
1.

Matrix porosity (fraction)

0.1089

2.

Fracture porosity (fraction)

0.0107

3.

Coal density (lb/ft3)

4.

Langmuir volume constant

99.9
660.36

(SCF/ton)
5.

Langmuir pressure constant (psia)

209.92

6.

Initial reservoir pressure (psia)

2631.6

7.

Matrix permeability (mD)

0.0075

8.

Face cleat permeability (mD)

108.34

9.

Butt cleat permeability (mD)

9.05

10.

Reservoir thickness (ft)

25.14

11.

Initial gas content (SCF/ton)

611.58

12.

Coal sorption time (days)

138.58

13.

Length of Entire Reservoir (ft)

8000

14.

Breadth of Entire Reservoir (ft)

8000

Table 6.3: Economic parameters for field optimization case study
Sr. No. Economic Parameter
Value
1.

Gas wellhead price ($/MSCF)

4.48

2.

Drilling cost ($/ft)

192.75

3.

Well operating cost

1000

($/well/month)
4.

Stimulation cost ($/well)

350000

5.

Water treatment cost ($/bbl)

4

6.

Royalty interest (% of gross

12

revenue)
7.

Taxes (% of net revenue)

6
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As can be seen from Table 6.2, a square shaped field having total area of 1469.23 acres is
provided. Other critical reservoir characteristics and economic parameters are also
provided. The protocol then finds out the most economically favorable design parameters
such as sandface pressure, stimulation required, horizontal well length and drainage area
of each sub-unit in the entire field by following the algorithm given in Figure 5.7. A
number of cases are then developed and NPV is calculated for each of them. This
protocol is developed in MATLAB and aims at obtaining a development plan that would
result in maximum NPV. The NPV values calculated for all the cases generated in this
example are shown in Figure 6.53.
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Figure 6.53: NPV curve for example case study
For the first ten cases, the NPV values are calculated for different design scenarios for
unit area of 40.8 acres. Similarly, for the subsequent ten cases, the same calculations are
done for unit area of 81.6 acres and 163.24 acres respectively. It has been seen that
highest NPV value is obtained when unit area is 163.24 acres or when the entire field is
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divided in 9 equal area blocks of 163.24 acres. The variations in values between case no.
21 and 30 is due to the variation in other design parameters such as sandface pressure,
skin and horizontal well length. Thus, after the implementation of design protocol, it has
been suggested that each unit block must have an area of 163.24 acres, sandface pressure
of 14.7 psia, horizontal well length of 1533.33 ft and stimulation that will reduce the skin
factor to a value of -1.5. The suggested field development is schematically shown in
Figure 6.54 and summarized in Table 6.4.
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Figure 6.54: Schematic diagram for example field development case
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The protocol also suggests the cumulative gas and water production for horizontal well
case and equivalent cumulative gas production for vertical well case. In addition, it also
calculates the recovery factor for the entire field and the NPV obtained from each well.
Table 6.4: Key performance indicators for field optimization case study
Sr. No.

Key performance indicator

Value

1.

Number of units in X-direction

3

2.

Number of units in Y-direction

3

3.

Drainage area in each unit (acres)

163.24

4.

Horizontal well length in each unit

1533.33

(ft)
5.

Sandface pressure (psia)

14.7

6.

Stimulation factor (skin)

-1.5

7.

Cumulative gas production with

2603.97

horizontal well (MMSCF)
8.

Equi. cumulative gas production with

1751.99

vertical well (MMSCF)
9.

Cumulative water production with

91903.1

horizontal well (bbl)
10.

Recovery factor after 10 years of

35.35

operation (%)
11.

Net Present Value of each unit ($M)

6.1773

The success of this protocol is entirely dependent on the accuracy of the forward looking
neural networks developed for prediction of production rates and cumulative production.
It was thus essential to construct strong forward looking networks. Mean absolute error of
less than 3% for each of these networks therefore builds lot of confidence in the results
generated by the field development optimization protocol.
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Chapter 7
CONCLUSIONS AND RECOMMENDATIONS
In this chapter, the important observations made during the development of this study are
highlighted. At the end, some recommendations are provided that could help in
improving the scope of this study further.
7.1 Conclusions
The recovery mechanisms in Coalbed Methane (CBM) reservoirs was studied and
predictive ANN based models were prepared. A total of 2025 cases were prepared for
forward looking ANN models containing horizontal wells whereas 500 cases were
generated for reservoirs with vertical wells. For the inverse looking ANN models, 1975
cases were prepared. The network architectures for each models and sub-models was
optimized by varying the number of neurons, number of layers or transfer functions.
Among the training algorithms available from literature, cascade feed-forward
backpropagation algorithm was selected.
To obtain a reliable forecast of either production data or reservoir characteristics,
it was necessary to expose the network to as diverse input variables data as possible. The
networks were then validated and tested on samples that were never seen by it before.
The predicted results were in good agreement with those from simulated data. This
established greater confidence in the networks’ predicting abilities.
A total of 6 neural networks were trained and validated, out of which 5 were used
for prediction of production data for gas and water while 1 was used for prediction of
reservoir characteristics. The forward looking ANN models were then used for obtaining
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the optimum field development conditions based on the optimization of Net Present
Value (NPV).
The following inferences could be made from the study based on the experience
gained during development and application stages:


At the start of neural network studies, it is extremely important to first analyze the
problem at hand and prepare a knowledgebase that is based on physically possible
input variables. This is the case because neural networks will train the physically
impossible data as well, if it is available. Thus, the predictions made by ANN in
this case would not hold any physical meaning.



Arriving at optimum network architecture is a heuristic process and can take a
long time. However, once a network has been properly trained and validated, the
output data can be extracted within fraction of seconds.



Overtraining and undertraining are two common problems that are encountered
during training of all networks. This should be avoided at all costs.



Increasing the number of simulation runs significantly improved the performance
of each of the networks. However, before blindly increasing the number of runs,
different networks should be tried to find out the improvements in network
performance due to the variation of number of neurons or number of layers.



Use of functional links did not make any significant improvements to the network
performance and hence, it was decided that these should not be included in the
final network architecture.



Very strong neural networks were prepared that gave errors less than 3% for
forward looking models and around 18% for inverse looking models. The high
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error in inverse looking models is, to an extent, acceptable due to the fact that
their prediction involved very small numerical values (from matrix permeabilities
and matrix and fracture porosities). However, these provide a starting point from
where assisted history matching studies can be performed.


Field optimization studies are completely based on the performance of forward
looking ANN. Due to the strong performance of these networks, lot of confidence
can be placed on the predicted results.



A graphical user interface (GUI) was developed to integrate all the networks
developed and to reduce the user interaction with the actual programming
software.

7.2 Recommendations
The following recommendations are provided to further improve the results obtained in
this study:


This work can be extended to the actual reservoir data instead of synthetically
generated data from reservoir simulator. This point also involves taking into
account the reservoir heterogeneities.



Along with the horizontal wells, the deployment of multi-lateral wells and their
economics can be studied in more detail.



In this study, only two components (methane and water) were used. This
restriction can be removed to include more fluid components. Application of this
recommendation would involve applying different adsorption isotherms for
various gas components.
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In addition to under-saturated reservoirs, saturated coal seams can be studied, thus
incorporating the effect of initial water saturation on gas production performance.



Instead of using forward looking networks for optimization studies, different
evolutionary algorithms such as genetic algorithm may be used for comparison
purposes.
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Appendix A
Matlab Codes
A.1 Code for generating batch file
function myrunmaker()
clc
clear all
n = 2000; % Total number of simulation runs to be made
range(1,1) = 0.04;
range(2,1) = 0.01;
range(3,1) = 89.58;
range(4,1) = 300;
range(5,1) = 100;
range(6,1) = 15;
range(7,1) = 1000;
range(8,1) = -3;
range(10,1) = 0.0001;
range(11,1) = 1;
permeability (md)
range(12,1) = 5;
range(13,1) = 20;
range(15,1) = 1;
permeability (md)
range(14,1) = 1000;
(psia)
range(9,1) = 14.7;

range(1,2) = 0.15;
range(2,2) = 0.04;
range(3,2) = 108;
range(4,2) = 800;
range(5,2) = 1000;
range(6,2) = 200;
range(7,2) = 3500;
range(8,2) = 5;
range(10,2) = 0.1;
range(11,2) = 150;

%
%
%
%
%
%
%
%
%
%

matrix porosity
fracture porosity
coal density (lb/ft3)
VL (SCF/ton)
PL (psia)
Time constant (days)
Pinitial (psia)
skin
matrix permeability (md)
fracture (face)

range(12,2) = 40;
range(13,2) = 200;

% thickness (ft)
% Acreage (acres)
% fracture (butt)
% Initial gas content
% Sandface pressure

INPUT(1,:) = range(1,1) + (range(1,2)-range(1,1)).*rand(n,1);
INPUT(2,:) = range(2,1) + (range(2,2)-range(2,1)).*rand(n,1);
INPUT(3,:) = range(3,1) + (range(3,2)-range(3,1)).*rand(n,1);
INPUT(4,:) = range(4,1) + (range(4,2)-range(4,1)).*rand(n,1);
INPUT(4,:) = INPUT(4,:) * (5.97696667*10^-4);
Converting VL from SCF/ton to gmoles/lb
INPUT(5,:) = range(5,1) + (range(5,2)-range(5,1)).*rand(n,1);
INPUT(5,:) = 1./INPUT(5,:);
Converting PL from psia to 1/psia
INPUT(6,:) = range(6,1) + (range(6,2)-range(6,1)).*rand(n,1);
INPUT(7,:) = range(7,1) + (range(7,2)-range(7,1)).*rand(n,1);
INPUT(8,:) = range(8,1) + (range(8,2)-range(8,1)).*rand(n,1);
INPUT(10,:) = range(10,1) + (range(10,2)-range(10,1)).*rand(n,1);
INPUT(11,:) = range(11,1) + (range(11,2)-range(11,1)).*rand(n,1);
INPUT(12,:) = range(12,1) + (range(12,2)-range(12,1)).*rand(n,1);
INPUT(13,:) = range(13,1) + (range(13,2)-range(13,1)).*rand(n,1);
KEEPRAND(1,:) = rand(n,1);
for i=1:n

%
%
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INPUT(15,i) = range(15,1) + (INPUT(11,i) range(15,1)).*KEEPRAND(1,i);
end
for i=1:n
INPUT(14,i) = range(14,1) + (INPUT(7,i) range(14,1)).*KEEPRAND(1,i);
end
for i=1:n
INPUT(9,i) = range(9,1) + ((INPUT(7,i)/6) range(9,1)).*KEEPRAND(1,i);
end
forCMG='CMGbatch_file.bat';
fidbat=fopen(forCMG,'wt');

for i=1:size(INPUT,2)
gridthick = INPUT(12,i)/5;
gridlength = (sqrt(INPUT(13,i)*43560))/21;
if KEEPRAND(1,i) <= 0.5
INPUT(16,i) = gridlength * 9;
elseif KEEPRAND(1,i) > 0.5
INPUT(16,i) = gridlength * 11;
end
temp = ['run' num2str(i) '.dat'];
fid = fopen(temp,'w');
fprintf(fid,'** ============== INPUT/OUTPUT CONTROL
======================\n\n');
fprintf(fid,'RESULTS SIMULATOR GEM 200900\n\n');
fprintf(fid,'INUNIT *FIELD \n');
fprintf(fid,'WSRF WELL 1\n');
fprintf(fid,'*WSRF GRID TIME\n');
fprintf(fid,'OUTSRF GRID SO SG SW PRES \n');
fprintf(fid,'OUTSRF RES NONE \n');
fprintf(fid,'WPRN GRID 0 \n');
fprintf(fid,'OUTPRN GRID NONE \n');
fprintf(fid,'OUTPRN RES NONE \n');
fprintf(fid,'**$ Distance units: ft\n');
fprintf(fid,'RESULTS XOFFSET
0.0000\n');
fprintf(fid,'RESULTS YOFFSET
0.0000\n');
fprintf(fid,'RESULTS ROTATION
0.0000 **$ (DEGREES)\n');
fprintf(fid,'RESULTS AXES-DIRECTIONS 1.0 -1.0 1.0\n');
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fprintf(fid,'** ============== FUNDAMENTAL CARTESIAN GRID
=================\n\n');
fprintf(fid,'GRID VARI 21 21 5 \n\n');
fprintf(fid,'KDIR DOWN\n');
fprintf(fid,'DI IVAR \n');
fprintf(fid,' 21*%f \n',gridlength);
fprintf(fid,'DJ JVAR \n');
fprintf(fid,' 21*%f \n',gridlength);
fprintf(fid,'DK ALL \n');
fprintf(fid,'2205*%f \n',gridthick);
fprintf(fid,'DTOP \n');
fprintf(fid,'441*1000 \n');
fprintf(fid,'DUALPOR \n');
fprintf(fid,'SHAPE GK \n');
fprintf(fid,'**$ Property: NULL Blocks Max: 1 Min: 1 \n');
fprintf(fid,'**$ 0 = null block, 1 = active block \n');
fprintf(fid,'NULL MATRIX CON
1 \n');
fprintf(fid,'**$ Property: NULL Blocks Max: 1 Min: 1 \n');
fprintf(fid,'**$ 0 = null block, 1 = active block \n');
fprintf(fid,'NULL FRACTURE CON
1 \n');
fprintf(fid,'POR MATRIX CON %f \n',INPUT(1,i));
fprintf(fid,'POR FRACTURE CON %f \n',INPUT(2,i));
fprintf(fid,'PERMI MATRIX CON %f \n',INPUT(10,i));
fprintf(fid,'PERMI FRACTURE CON %f \n',INPUT(11,i));
fprintf(fid,'PERMJ MATRIX CON %f \n',INPUT(10,i));
fprintf(fid,'PERMJ FRACTURE CON %f \n',INPUT(15,i));
fprintf(fid,'PERMK MATRIX CON %f \n',INPUT(10,i));
fprintf(fid,'PERMK FRACTURE CON %f \n',5);
fprintf(fid,'**$ Property: Fracture Spacing J (ft)
Max: 0.65
Min: 0.65 \n');
fprintf(fid,'DJFRAC CON
0.65 \n');
fprintf(fid,'**$ Property: Fracture Spacing I (ft)
Max: 0.65
Min: 0.65 \n');
fprintf(fid,'DIFRAC CON
0.65 \n');
fprintf(fid,'**$ Property: Fracture Spacing K (ft)
Max: 0.65
Min: 0.65 \n');
fprintf(fid,'DKFRAC CON
0.65 \n');
fprintf(fid,'**$ Property: Pinchout Array Max: 1 Min: 1 \n');
fprintf(fid,'**$ 0 = pinched block, 1 = active block \n');
fprintf(fid,'PINCHOUTARRAY CON
1 \n');
fprintf(fid,'PRPOR FRACTURE %f \n',INPUT(7,i));
fprintf(fid,'PRPOR MATRIX %f \n',INPUT(7,i));
fprintf(fid,'CPOR FRACTURE 0.00001 \n');
fprintf(fid,'CPOR MATRIX 0.00001 \n');
fprintf(fid,'** new GEM requires END-GRID line for
CTPOR/CPTPOR/TPPOR. \n');
fprintf(fid,'*END-GRID \n');
fprintf(fid,'TRPOR 114 \n');

fprintf(fid,'\n\n** ==============
======================\n\n');

MODEL & NUMBER OF COMPONENTS
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fprintf(fid,'MODEL PR \n');
fprintf(fid,'NC 1 1 \n');
fprintf(fid,'COMPNAME %s \n','''CH4''');
fprintf(fid,'HCFLAG \n');
fprintf(fid,'1 \n');
fprintf(fid,'MW \n');
fprintf(fid,'16.043 \n');
fprintf(fid,'AC \n');
fprintf(fid,'0.008 \n');
fprintf(fid,'PCRIT \n');
fprintf(fid,'45.4 \n');
fprintf(fid,'VCRIT \n');
fprintf(fid,'0.099 \n');
fprintf(fid,'TCRIT \n');
fprintf(fid,'190.6 \n');
fprintf(fid,'PCHOR \n');
fprintf(fid,'77 \n');
fprintf(fid,'SG \n');
fprintf(fid,'0.3 \n');
fprintf(fid,'TB \n');
fprintf(fid,'-258.61 \n');
fprintf(fid,'HEATING_VALUES \n');
fprintf(fid,'844.29 \n');
fprintf(fid,'TRES 113 \n');
fprintf(fid,'DENW 62.4779 \n');
fprintf(fid,'REFPW 14.6959 \n');
fprintf(fid,'VISW 0.7 \n');
fprintf(fid,'**$ Property: EOS Set Number
fprintf(fid,'EOSTYPE MATRIX CON
fprintf(fid,'**$ Property: EOS Set Number
fprintf(fid,'EOSTYPE FRACTURE CON

Max: 1 Min: 1 \n');
1 \n');
Max: 1 Min: 1 \n');
1 \n');

fprintf(fid,'\n** ============== ROCK-FLUID PROPERTIES
======================\n');
fprintf(fid,'\n*ROCKFLUID\n');
fprintf(fid,'RPT 1\n');
fprintf(fid,'\n*SWT
** Water-oil relative permeabilities\n');
fprintf(fid,'\n**
Sw
krw
krow
Pcow\n');
fprintf(fid,'** --------------------------\n');
fprintf(fid,'
0.000000 0.000000 0.000000640 0.000000 \n');
fprintf(fid,'
0.050000 0.000600 0.000000608 0.000000 \n');
fprintf(fid,'
0.100000 0.001300 0.000000576 0.000000 \n');
fprintf(fid,'
0.150000 0.002000 0.000000544 0.000000 \n');
fprintf(fid,'
0.200000 0.007000 0.000000512 0.000000 \n');
fprintf(fid,'
0.250000 0.015000 0.000000480 0.000000 \n');
fprintf(fid,'
0.300000 0.024000 0.000000448 0.000000 \n');
fprintf(fid,'
0.350000 0.035000 0.000000416 0.000000 \n');
fprintf(fid,'
0.400000 0.049000 0.000000384 0.000000 \n');
fprintf(fid,'
0.450000 0.067000 0.000000352 0.000000 \n');
fprintf(fid,'
0.500000 0.088000 0.000000320 0.000000 \n');
fprintf(fid,'
0.550000 0.116000 0.000000288 0.000000 \n');
fprintf(fid,'
0.600000 0.154000 0.000000256 0.000000 \n');
fprintf(fid,'
0.650000 0.200000 0.000000224 0.000000 \n');
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fprintf(fid,'
fprintf(fid,'
fprintf(fid,'
fprintf(fid,'
fprintf(fid,'
fprintf(fid,'
fprintf(fid,'
fprintf(fid,'

0.700000
0.750000
0.800000
0.850000
0.900000
0.950000
0.975000
1.000000

0.251000
0.312000
0.392000
0.490000
0.601000
0.731000
0.814000
1.000000

0.000000192
0.000000160
0.000000128
0.000000096
0.000000064
0.000000032
0.000000016
0.000000000

0.000000
0.000000
0.000000
0.000000
0.000000
0.000000
0.000000
0.000000

\n');
\n');
\n');
\n');
\n');
\n');
\n');
\n');

fprintf(fid,'\n*SLT
** Liquid-gas relative permeabilities\n');
fprintf(fid,'\n**
Sl
krg
krog
Pcog\n');
fprintf(fid,'** ----------------------\n');
fprintf(fid,'
0.000000 1.000000 0.000000000 0.000000 \n');
fprintf(fid,'
0.050000 0.835000 0.000000032 0.000000 \n');
fprintf(fid,'
0.100000 0.720000 0.000000064 0.000000 \n');
fprintf(fid,'
0.150000 0.627000 0.000000096 0.000000 \n');
fprintf(fid,'
0.200000 0.537000 0.000000128 0.000000 \n');
fprintf(fid,'
0.250000 0.466000 0.000000160 0.000000 \n');
fprintf(fid,'
0.300000 0.401000 0.000000192 0.000000 \n');
fprintf(fid,'
0.350000 0.342000 0.000000224 0.000000 \n');
fprintf(fid,'
0.400000 0.295000 0.000000256 0.000000 \n');
fprintf(fid,'
0.450000 0.253000 0.000000288 0.000000 \n');
fprintf(fid,'
0.500000 0.216000 0.000000320 0.000000 \n');
fprintf(fid,'
0.550000 0.180000 0.000000352 0.000000 \n');
fprintf(fid,'
0.600000 0.147000 0.000000384 0.000000 \n');
fprintf(fid,'
0.650000 0.118000 0.000000416 0.000000 \n');
fprintf(fid,'
0.700000 0.090000 0.000000448 0.000000 \n');
fprintf(fid,'
0.750000 0.070000 0.000000480 0.000000 \n');
fprintf(fid,'
0.800000 0.051000 0.000000512 0.000000 \n');
fprintf(fid,'
0.850000 0.033000 0.000000544 0.000000 \n');
fprintf(fid,'
0.900000 0.018000 0.000000576 0.000000 \n');
fprintf(fid,'
0.950000 0.007000 0.000000608 0.000000 \n');
fprintf(fid,'
0.975000 0.003500 0.000000624 0.000000 \n');
fprintf(fid,'
1.000000 0.000000 0.000000640 0.000000 \n');
fprintf(fid,'RPT 2\n');
fprintf(fid,'\n*SWT
** Water-oil relative permeabilities\n');
fprintf(fid,'\n**
Sw
krw
krow
Pcow\n');
fprintf(fid,'** --------------------------\n');
fprintf(fid,'
0.000000 0.000000 0.000000640 0.000000 \n');
fprintf(fid,'
0.050000 0.000600 0.000000608 0.000000 \n');
fprintf(fid,'
0.100000 0.001300 0.000000576 0.000000 \n');
fprintf(fid,'
0.150000 0.002000 0.000000544 0.000000 \n');
fprintf(fid,'
0.200000 0.007000 0.000000512 0.000000 \n');
fprintf(fid,'
0.250000 0.015000 0.000000480 0.000000 \n');
fprintf(fid,'
0.300000 0.024000 0.000000448 0.000000 \n');
fprintf(fid,'
0.350000 0.035000 0.000000416 0.000000 \n');
fprintf(fid,'
0.400000 0.049000 0.000000384 0.000000 \n');
fprintf(fid,'
0.450000 0.067000 0.000000352 0.000000 \n');
fprintf(fid,'
0.500000 0.088000 0.000000320 0.000000 \n');
fprintf(fid,'
0.550000 0.116000 0.000000288 0.000000 \n');
fprintf(fid,'
0.600000 0.154000 0.000000256 0.000000 \n');
fprintf(fid,'
0.650000 0.200000 0.000000224 0.000000 \n');
fprintf(fid,'
0.700000 0.251000 0.000000192 0.000000 \n');
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fprintf(fid,'
fprintf(fid,'
fprintf(fid,'
fprintf(fid,'
fprintf(fid,'
fprintf(fid,'
fprintf(fid,'

0.750000
0.800000
0.850000
0.900000
0.950000
0.975000
1.000000

0.312000
0.392000
0.490000
0.601000
0.731000
0.814000
1.000000

0.000000160
0.000000128
0.000000096
0.000000064
0.000000032
0.000000016
0.000000000

0.000000
0.000000
0.000000
0.000000
0.000000
0.000000
0.000000

\n');
\n');
\n');
\n');
\n');
\n');
\n');

fprintf(fid,'\n*SLT
** Liquid-gas relative permeabilities\n');
fprintf(fid,'\n**
Sl
krg
krog
Pcog\n');
fprintf(fid,'** ----------------------\n');
fprintf(fid,'
0.000000 1.000000 0.000000000 0.000000 \n');
fprintf(fid,'
0.050000 0.835000 0.000000032 0.000000 \n');
fprintf(fid,'
0.100000 0.720000 0.000000064 0.000000 \n');
fprintf(fid,'
0.150000 0.627000 0.000000096 0.000000 \n');
fprintf(fid,'
0.200000 0.537000 0.000000128 0.000000 \n');
fprintf(fid,'
0.250000 0.466000 0.000000160 0.000000 \n');
fprintf(fid,'
0.300000 0.401000 0.000000192 0.000000 \n');
fprintf(fid,'
0.350000 0.342000 0.000000224 0.000000 \n');
fprintf(fid,'
0.400000 0.295000 0.000000256 0.000000 \n');
fprintf(fid,'
0.450000 0.253000 0.000000288 0.000000 \n');
fprintf(fid,'
0.500000 0.216000 0.000000320 0.000000 \n');
fprintf(fid,'
0.550000 0.180000 0.000000352 0.000000 \n');
fprintf(fid,'
0.600000 0.147000 0.000000384 0.000000 \n');
fprintf(fid,'
0.650000 0.118000 0.000000416 0.000000 \n');
fprintf(fid,'
0.700000 0.090000 0.000000448 0.000000 \n');
fprintf(fid,'
0.750000 0.070000 0.000000480 0.000000 \n');
fprintf(fid,'
0.800000 0.051000 0.000000512 0.000000 \n');
fprintf(fid,'
0.850000 0.033000 0.000000544 0.000000 \n');
fprintf(fid,'
0.900000 0.018000 0.000000576 0.000000 \n');
fprintf(fid,'
0.950000 0.007000 0.000000608 0.000000 \n');
fprintf(fid,'
0.975000 0.003500 0.000000624 0.000000 \n');
fprintf(fid,'
1.000000 0.000000 0.000000640 0.000000 \n');
fprintf(fid,'**$ Property: Rel Perm Set Num Max: 1 Min: 1 \n');
fprintf(fid,'RTYPE MATRIX CON
1 \n');
fprintf(fid,'**$ Property: Rel Perm Set Num Max: 1 Min: 1 \n');
fprintf(fid,'RTYPE FRACTURE CON
1 \n');
fprintf(fid,'ADGMAXC %s MATRIX CON
%f
\n','''CH4''',INPUT(4,i));
fprintf(fid,'**$ Property: Maximal Adsorbed Mass(CH4) (gmole/lb)
Max: 0 Min: 0 \n');
fprintf(fid,'ADGMAXC %s FRACTURE CON
0 \n','''CH4''');
fprintf(fid,'ADGCSTC %s MATRIX CON
%f
\n','''CH4''',INPUT(5,i));
fprintf(fid,'**$ Property: Langmuir Adsorption Constant(CH4)
(1/psi)
Max: 0 Min: 0 \n');
fprintf(fid,'ADGCSTC %s FRACTURE CON
0 \n','''CH4''');
fprintf(fid,'ROCKDEN MATRIX CON
%f \n',INPUT(3,i));
fprintf(fid,'ROCKDEN FRACTURE CON
%f \n',INPUT(3,i));
fprintf(fid,'COAL-DIF-TIME %s CON
%f
\n','''CH4''',INPUT(6,i));
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fprintf(fid,'\n** ============== INITIAL CONDITIONS
======================\n');
fprintf(fid,'\n*INITIAL\n');
fprintf(fid,'USER_INPUT \n');
fprintf(fid,'SEPARATOR \n');
fprintf(fid,'**$ Stage Pres. Stage Temp. \n');
fprintf(fid,'
14.6959
60 \n');
fprintf(fid,'PRES FRACTURE CON
%f \n',INPUT(7,i));
fprintf(fid,'PRES MATRIX CON
%f \n',INPUT(14,i));
fprintf(fid,'**$ Property: Water Saturation Max: 0.1 Min: 0.1
\n');
fprintf(fid,'SW MATRIX CON
0.1 \n');
fprintf(fid,'**$ Property: Water Saturation Max: 0.995 Min: 0.995
\n');
fprintf(fid,'SW FRACTURE CON
0.995 \n');
fprintf(fid,'**$ Property: Global Composition(CH4) Max: 1 Min: 1
\n');
fprintf(fid,'ZGLOBALC %s MATRIX CON
1 \n','''CH4''');
fprintf(fid,'**$ Property: Global Composition(CH4) Max: 1 Min: 1
\n');
fprintf(fid,'ZGLOBALC %s FRACTURE CON
1 \n','''CH4''');
fprintf(fid,'**$ Property: Block Temperature (F)
Max: 114 Min:
114 \n');
fprintf(fid,'TEMPER MATRIX CON
113 \n');
fprintf(fid,'**$ Property: Block Temperature (F)
Max: 114 Min:
114 \n');
fprintf(fid,'TEMPER FRACTURE CON
113 \n');
fprintf(fid,'NUMERICAL \n');
fprintf(fid,'DTMAX 31 \n');
fprintf(fid,'DTMIN 0.00001 \n');
fprintf(fid,'\n\n** ==============
======================\n');
fprintf(fid,'\n*RUN\n\n');

NUMERICAL CONTROL

fprintf(fid,'** ============== RECURRENT DATA
======================\n\n');
fprintf(fid,'\n\n*DATE 2011 1 1\n');
fprintf(fid,'WELL %s \n','''Well-1''');
fprintf(fid,'PRODUCER %s \n','''Well-1''');
fprintf(fid,'OPERATE MIN BHP %f CONT \n',INPUT(9,i));
fprintf(fid,'**$
rad geofac wfrac skin \n');
fprintf(fid,'GEOMETRY I 0.25 0.37 1. %f \n',INPUT(8,i));
fprintf(fid,'PERF GEOA %s \n','''Well-1''');
fprintf(fid,'**$ UBA
ff Status Connection \n');
fprintf(fid,'
11 11 1 1. OPEN
FLOW-TO %s REFLAYER
\n','''SURFACE''');
fprintf(fid,'
11 11 2 1. OPEN
FLOW-TO 1 \n');
fprintf(fid,'
11 11 3 1. OPEN
FLOW-TO 2 \n');
fprintf(fid,'
12 11 3 1. OPEN
FLOW-TO 3 \n');
if KEEPRAND(1,i) <= 0.5
fprintf(fid,'
13 11 3
1. OPEN
FLOW-TO 4 \n');
fprintf(fid,'
14 11 3
1. OPEN
FLOW-TO 5 \n');
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fprintf(fid,'
15 11 3
1. OPEN
FLOW-TO
fprintf(fid,'
10 11 3
1. OPEN
FLOW-TO
fprintf(fid,'
9 11 3
1. OPEN
FLOW-TO
fprintf(fid,'
8 11 3
1. OPEN
FLOW-TO
fprintf(fid,'
7 11 3
1. OPEN
FLOW-TO
elseif (KEEPRAND(1,i) > 0.5)
fprintf(fid,'
13 11 3
1. OPEN
FLOW-TO
fprintf(fid,'
14 11 3
1. OPEN
FLOW-TO
fprintf(fid,'
15 11 3
1. OPEN
FLOW-TO
fprintf(fid,'
16 11 3
1. OPEN
FLOW-TO
fprintf(fid,'
10 11 3
1. OPEN
FLOW-TO
fprintf(fid,'
9 11 3
1. OPEN
FLOW-TO
fprintf(fid,'
8 11 3
1. OPEN
FLOW-TO
fprintf(fid,'
7 11 3
1. OPEN
FLOW-TO
fprintf(fid,'
6 11 3
1. OPEN
FLOW-TO
end
fprintf(fid,'LAYERXYZ %s \n','''Well-1''');
fprintf(fid,'**$ Property: Implicit flag
fprintf(fid,'AIMSET MATRIX CON
fprintf(fid,'**$ Property: Implicit flag
fprintf(fid,'AIMSET FRACTURE CON
fprintf(fid,'DATE 2011 2 1.00000 \n');
fprintf(fid,'DATE 2011 3 1.00000 \n');
fprintf(fid,'DATE 2011 4 1.00000 \n');
fprintf(fid,'DATE 2011 5 1.00000 \n');
fprintf(fid,'DATE 2011 6 1.00000 \n');
fprintf(fid,'DATE 2011 7 1.00000 \n');
fprintf(fid,'DATE 2011 8 1.00000 \n');
fprintf(fid,'DATE 2011 9 1.00000 \n');
fprintf(fid,'DATE 2011 10 1.00000 \n');
fprintf(fid,'DATE 2011 11 1.00000 \n');
fprintf(fid,'DATE 2011 12 1.00000 \n');
fprintf(fid,'DATE 2012 1 1.00000 \n');
fprintf(fid,'DATE 2012 2 1.00000 \n');
fprintf(fid,'DATE 2012 3 1.00000 \n');
fprintf(fid,'DATE 2012 4 1.00000 \n');
fprintf(fid,'DATE 2012 5 1.00000 \n');
fprintf(fid,'DATE 2012 6 1.00000 \n');
fprintf(fid,'DATE 2012 7 1.00000 \n');
fprintf(fid,'DATE 2012 8 1.00000 \n');
fprintf(fid,'DATE 2012 9 1.00000 \n');
fprintf(fid,'DATE 2012 10 1.00000 \n');
fprintf(fid,'DATE 2012 11 1.00000 \n');
fprintf(fid,'DATE 2012 12 1.00000 \n');
fprintf(fid,'DATE 2013 1 1.00000 \n');
fprintf(fid,'DATE 2013 2 1.00000 \n');
fprintf(fid,'DATE 2013 3 1.00000 \n');
fprintf(fid,'DATE 2013 4 1.00000 \n');
fprintf(fid,'DATE 2013 5 1.00000 \n');
fprintf(fid,'DATE 2013 6 1.00000 \n');
fprintf(fid,'DATE 2013 7 1.00000 \n');
fprintf(fid,'DATE 2013 8 1.00000 \n');
fprintf(fid,'DATE 2013 9 1.00000 \n');
fprintf(fid,'DATE 2013 10 1.00000 \n');

6 \n');
3 \n');
8 \n');
9 \n');
10 \n');
4
5
6
7
3

\n');
\n');
\n');
\n');
\n');
9 \n');
10 \n');
11 \n');
12 \n');

Max: 3 Min: 3 \n');
3 \n');
Max: 3 Min: 3 \n');
3 \n');
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fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE

2013
2013
2014
2014
2014
2014
2014
2014
2014
2014
2014
2014
2014
2014
2015
2015
2015
2015
2015
2015
2015
2015
2015
2015
2015
2015
2016
2016
2016
2016
2016
2016
2016
2016
2016
2016
2016
2016
2017
2017
2017
2017
2017
2017
2017
2017
2017
2017
2017
2017
2018
2018
2018
2018
2018

11
12
1
2
3
4
5
6
7
8
9
10
11
12
1
2
3
4
5
6
7
8
9
10
11
12
1
2
3
4
5
6
7
8
9
10
11
12
1
2
3
4
5
6
7
8
9
10
11
12
1
2
3
4
5

1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
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fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'DATE
fprintf(fid,'STOP

2018 6
2018 7
2018 8
2018 9
2018 10
2018 11
2018 12
2019 1
2019 2
2019 3
2019 4
2019 5
2019 6
2019 7
2019 8
2019 9
2019 10
2019 11
2019 12
2020 1
2020 2
2020 3
2020 4
2020 5
2020 6
2020 7
2020 8
2020 9
2020 10
2020 11
2020 12
2021 1
\n');

1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');
1.00000 \n');

fclose(fid);
fprintf(fidbat,'%s','call "C:\Program Files
(x86)\CMG\GEM\2010.10\Win_x64\EXE\gm201010.exe" -f run');
fprintf(fidbat,num2str(i));
fprintf(fidbat,'%s\n','.dat');
end
fclose(fidbat);
save INPUT.txt INPUT -ASCII -TABS
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A.2 Code for training neural networks
clc
format long
INP1 = Input;
OUT1 = Target;
P = log(INP1);
T = log(OUT1);
[Pn,ps] = mapminmax(P,-1,1);
[Tn,ts] = mapminmax(T,-1,1);
[mi,ni] = size(Pn);
[mo,no] = size(Tn);
% Defining some random variables required in the network
N_in = mi; % Number of inputs in the network
N_out = mo; % Number of outputs in the network
Tot_in = ni; % Total number of simulations
% The following section assigns training, validation and testing data
sets
% for Input and Targets vectors. Dividerand function is used to
randomly
% assign simulation runs to each set.
[Pn_train,Pn_val,Pn_test,trainInd,valInd,testInd] =
dividerand(Pn,0.9,0.08,0.02);
[Tn_train,Tn_val,Tn_test] = divideind(Tn,trainInd,valInd,testInd);
val.T = Tn_val;
val.P = Pn_val;
test.T = Tn_test;
test.P = Pn_test;
NNeu1 = 27;
NNeu2 = 35;
NNeu3 = 39;
% Creating he cascade feedforward backpropagation network
net = newcf(Pn,Tn,[NNeu1,NNeu2,NNeu3,mo],{'logsig','tansig','logsig',
’purelin’},'trainscg','learngdm','msereg');
% Providing training parameters to the network
net.trainParam.goal = 0.00005; % Accuracy within this range
net.trainParam.epochs = 12000; % Number of iterations while training
the network
net.trainParam.show = 1;
net.trainParam.max_fail = 10000; % Number of validation check fails
before stopping a network. This is done to prevent over-learninig
net.trainParam.mem_reduc = 60; % Done to reduce memory requirements
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net.trainParam.showWindow = true; % To show the training window
% Training of network
[net,tr] = train(net,Pn_train,Tn_train,[],[],test,val);
% Getting data from the trained network
Tn_train_ann = sim(net,Pn_train);
Tn_test_ann = sim(net,Pn_test);
% Now, we need to denormalize the data sets using mapminmax
T_train = mapminmax('reverse',Tn_train,ts);
T_test = mapminmax('reverse',Tn_test,ts);
T_train_ann = mapminmax('reverse',Tn_train_ann,ts);
T_test_ann = mapminmax('reverse',Tn_test_ann,ts);
Pn_train = mapminmax('reverse',Pn_train,ps);
Pn_val = mapminmax('reverse',Pn_val,ps);
Pn_test = mapminmax('reverse',Pn_test,ps);
T_test = exp(T_test);
T_test_ann = exp(T_test_ann);
for i=1:length(testInd)
figure(i)
plot(T_test(:,i));
hold on;
grid on;
plot(T_test_ann(:,i),'r');
xlabel('Time (Months)');
ylabel('Cumulative Gas Production(SCF)');
title('CMG output vs ANN trained output');
legend('CMG','ANN');
end
save HoriCUMGAS.mat
totalerror = 0;
for i=1:length(testInd)
for j=1:121
num = abs(T_test(j,i) - T_test_ann(j,i));
dem = T_test(j,i);
div = (num/dem)*100;
totalerror = totalerror + div;
end
end
normal = length(testInd) * 121;
totalerror1 = totalerror/normal;
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Appendix B
Components of Graphical User Interface (GUI)
All the developments made in this work are combined together through the
Graphical User Interface (GUI). This GUI provides a single platform through which the
user is able to access production performance analysis, reservoir characteristics
predictions and field optimization studies at a given time. The GUI and its components
are explained in the following text.
When the user opens the CBMGUI.m file and runs it, the default field
development window opens as shown below:

Figure B.1: Field optimization studies window
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As can be seen from the figure above, the user has to provide various reservoir
characteristics and economic parameters to be able to use this optimization study. After
every input information has been specified, the user has to hit “Fire the proxy” button to
generate the optimization plan. The GUI also provides an option to plot the results such
as cumulative gas and water production curves or to export the same to excel sheets. The
“Example” button provides an example set of input variables, for which the proxy can
then be fired. The user is also provided with an option to either reset economic
parameters or all of the input information through the reset buttons.
In addition to this, to check the validity and accuracy of the networks developed,
the user can hit the “Internal consistency checks” button. This button will pass over the
required the input information to the reservoir characteristics window, where the user can
hit “Fire the proxy” button and check for the accuracy of both, the forward as well as
inverse looking neural networks developed. It should be noted here that the field
optimization studies only uses forward looking ANNs and hence, the proposed
consistency checks can be made. Thus, the user can check whether the reservoir
characteristics that he/she has given as input to the field optimization studies are actually
the ones that are predicted by reservoir characteristics prediction.
If the user then hits the “Production Performance Predictions” button at the top, a
window showing the production performance studies appears as shown in Figure A.2. In
this window, the user has to provide reservoir characteristics and design parameters to
generate the production prediction analysis. Similar options are provided to the user as
the ones provided in Field optimization studies window.
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Figure B.2: Production performance prediction window
When the user hits the “Reservoir Characteristics Prediction” button, a window
showing the expert system for characteristics prediction appears. This is illustrated in
Figure A.3. In this window, the user has to provide the design parameters and cumulative
gas production for first 12 months. As there are no plots in this exercise, the user is given
options to either reset every input information or reset only the cumulative gas production
data only. An “Example” button is also provided for the user to have an idea about how
this application works.
A common point to note in all the applications presented here is that the range for
input variables is specified in the bracket after each variable. Providing input information
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outside of this range might cause the expert system to predict unrealistic results. This is to
be expected as neural networks are interpolating tools and cannot be used for
extrapolation.

Figure B.3: Reservoir characteristics prediction window
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Appendix C
Areal Distribution Maps
This appendix presents the areal distribution maps for various reservoir
characteristics and design parameters. Uniformly distributed data is required for proper
training of neural networks. To achieve this, MATLAB’s inbuilt function for random
distribution of data within a specified range is used.
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Figure C.1: Matrix porosity distribution
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Fracture porosity distribution
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Figure C.2: Fracture porosity distribution
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Figure C.3: Matrix permeability distribution
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Face cleat permeability distribution
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Figure C.4: Face cleat permeability distribution
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Figure C.5: Langmuir volume constant distribution
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Figure C.6: Langmuir pressure constant distribution
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Figure C.7: Coal desorption time distribution
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Initial reservoir pressure distribution
3500

3000

Pinitial (psia)

2500

2000

1500

1000

0

200

400

600

800

1000
Case #

1200

1400

1600

1800

2000

1800

2000

Figure C.8: Initial reservoir pressure distribution

Coal density distribution
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Figure C.9: Coal density distribution
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Thickness distribution
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Figure C.10: Thickness distribution
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Figure C.11: Drainage area distribution
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Skin distribution
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Figure C.12: Skin distribution
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Figure C.13: Horizontal well length distribution
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Among the remaining three parameters, butt cleat permeability is constraint by
face cleat permeability while sandface pressure and initial gas content are constrained by
initial reservoir pressure. Butt cleat permeability is constrained due to fact that its value
must be less than that of face cleat permeability. Sandface pressure is varied between the
sixth of initial reservoir pressure and 14.7 psia. Initial gas content is changed between
1000 psia and initial reservoir pressure value. It should be noted that the commercial
simulator used in this study uses equilibrium pressure value instead of V L value for initial
gas content. All the above variations are performed randomly using the same MATLAB
function as was used for the previous 13 variables.

