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ABSTRACT
Well testing analysis is one of the important tools that a petroleum engineer uses to
characterize and analyze the reservoir of concern. The pressure response obtained from
disturbing the well by (build up, drawdown, drill stem, injection or falloff test) at a
controlled flow rate can describe the reservoir rock-fluid system and will usually provide
information that will help in estimating: permeability, damage, reservoir extent and the
degree of heterogeneity the system possess. These tests are costly in terms of equipment,
labor and most importantly the delay caused by halting the production in part of the field
during the test.

This study will provide a tool that can help in performing a virtual well test for a
reservoir using basic reservoir-production information with partial well test information on
the field already available. The ultimate goal is to be able to generate virtual well test data
at potential locations to be drilled in future. The importance of this study arises when a
considerable amount of reservoir information is not available and, hence, a reservoir model
might not be as accurate as it is aimed for. The study starts with a simple scenario with
complete homogeneity in terms of uniform thickness, porosity, permeability, a regularly
shaped reservoir and constant flow rate wells. Subsequently, the study moves towards more
complex domains and field conditions. The fluid system was dry gas and the rock
properties were specified according to the scenario complexity. The best network in each
scenario was preserved. The artificial neural network tool predicted the pressure transient
data over a wide range of selected areas in the reservoir in a short time. When the study
iii

moves towards a more complex reservoir system, the proposed ANN network was able to
solve the preceding less complex scenario as well and usually with a higher resolution in
prediction.

At the end of the study, there were 10 different artificial networks each
representing a different reservoir and production strategy. These networks were presented
in a graphical user interface models to provide an easier communication and better
understanding between the models and the end user.

There was a good agreement between the expert system and the simulation results which
proves the promising applicability of this technique in reservoir engineering and evaluation
protocols. The prediction of pressure transient testing by utilizing the developed models
will help in a more efficient and better evaluation for the reservoir under study. A
preliminary data will be available with minimal cost and no loss of production.
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Chapter 1: INTRODUCTION

At the beginning of a field development stage, one major source of information
that will lead to a more knowledge and insight about the reservoir is pressure transient
data and its analysis (PTA) (Pearson & Adams, 1985). In exploration, it gives
information about reservoir size and well deliverability and, hence, answers if a zone
needs to be completed or not (Chen & Seinfeld, 1975). In reservoir engineering, well
testing gives information about average permeability, average reservoir pressure,
average drainage area for each well, and also some geological interpretation which in all
will lead to a more reservoir characterization and parameterization (Neog & Borah,
2000) (Al-Harbi, BinAkresh, Al-Ajaji, & Forero, 2010). PTA’s also provide useful
information to production engineers. Information on well damage and/or stimulation can
be obtained from PTA. Also, it provides an effective measure of acidizing or fracturing
treatments afterwards. PTA’s, core analysis, logs with other geophysical information,
will all lead to a better understanding of the reservoir-fluid system and in turn lead to a
more accurate development strategy of the reservoir.

However, PTA’s are not always available for most of the wells due to the cost
associated with each test. The cost can mainly be due to three main reasons:


The labor and equipment needed



The shut-in time associated for the well



Production restrictions to other adjacent wells before the start of the
test to assure steady conditions maintained
1

Because of these limitations, only few selected wells will have PTA data available and
the reservoir management team needs to estimate other locations based on the
information availability. The number of wells that will be tested usually depends on the
producing company practices and the existing budget limitations on the field of interest.

The need to develop and apply a more robust and cost effective techniques to
estimate PTA data is needed. Mathematical models and artificial intelligence methods
are some of these techniques. Reservoir mathematical models can predict some of the
PTA data, however, lack of information and associated uncertainties which are popular
in reservoir characterization might force the simulation engineer to feed the model with
averaged or estimated values and hence obtain less accurate output values. Artificial
intelligence methods, mainly, artificial neural networks, genetic algorithms, and fuzzy
logics are the next step forward. In the oil industry, artificial neural networks, is now
being utilized to capture the behavior of fluid-rock system from all aspects (Mohaghegh,
Hutchins, & Sisk, 2002) (Osman, Ayoub, & Aggour, 2005) (Al-Kaabi & Lee, 1990).
Pattern recognition and estimates of pressure declines, production rates and reservoir
petrophysical data can now be estimated with this technique. Once a network that
represents the system is found, it would provide valuable information with dramatic cost
savings.
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In this study, robust artificial neural expert systems were built to capture and
mimic the pressure transient data. Each expert system was associated with a specific
reservoir scenario. These scenarios can be visualized in Figure 1 and are summarized in
the next section.

Figure 1: The studied scenarios and the measure of thier complexity.

Scenario #1: Simplest case: total homogeneity


All wells start producing at the same time.



All wells are shut in at the same time.



Shut in period is the same for all of the wells.



Same flow rate and homogenous in terms of (k, h Ф).



Regularly shaped reservoir – Symmetrical (with respect to y-axis).
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Scenario #2: Different shut-in/production times


All wells start producing at the same time.



Wells are shut in at different times.



Shut in period continues until all other wells finish their test.



Same flow rate and homogenous in terms of (k, h Ф)



Regularly shaped reservoir – Symmetrical (with respect to y-axis).

Scenario #3: Different flow rates


All wells start producing at the same time.



Wells are shut in at different times.



Shut in period is the same for all wells.



Different flow rate for wells and homogenous in terms of (k, h Ф)



Regularly shaped reservoir – Symmetrical (with respect to y-axis).

Scenario #4: Wells with different flow rates and skin effect involved


All wells start producing at the same time.



Wells are shut in at different times.



Shut in period is the same for all wells.



Different flow rates for wells and homogenous in terms of (k, h Ф)



Regularly shaped reservoir – Symmetrical (with respect to y-axis).



Skin effect was implemented.
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Scenario #5: Non-uniform thickness reservoir


All wells start producing at the same time.



Wells are shut in at different times.



Shut in period is the same for all.



Different flow rates and homogenous in terms of (k,Ф)



Variable in thickness (h) between 20-90 ft.



Regularly shaped reservoir – Symmetrical (with respect to y-axis).



Skin effect was implemented.

Scenario #6: Porosity change


All wells start producing at the same time.



Wells are shut in at different times.



Shut in period is the same for all wells.



Different flow rates, homogenous (k) and heterogeneous (Ф)



Variable in thickness (h) between 20-90 ft.



Regularly shaped reservoir - Symmetrical (with respect to y-axis).



Skin effect was implemented.

Scenario #7: Permeability change


All wells start producing at the same time.



Wells are shut in at different times.



Shut in period is the same for all.



Different flow rate.
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Variable in thickness (h) between 20-90 ft.



Heterogeneous (Ф, k).



Uniform shape boundary reservoir.



Skin effect was implemented.

Scenario #8: Heterogeneous reservoir with irregular boundaries


All wells start producing at the same time.



Wells are shut in at different times.



Shut in period is the same for all.



Variable in thickness (h) between 20-90 ft.



Heterogeneous (Ф, k).



Irregular boundary reservoir



Skin effect was implemented.

Scenario #9: Heterogeneous reservoir with irregular boundaries and variable flow
rates


All wells start producing at the same time.



Wells are shut in at different times.



Shut in period is the same for all.



Variable flow rate character for the well being tested.



Heterogeneous(Ф, k)
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Variable in thickness (h) between 20-90 ft



Irregular boundary reservoir



Skin effect was implemented.

Scenario #10: Fractured reservoir characteristics


System is heterogeneous as in scenario #8



Natural fractures are involved in the system
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Chapter 2: LITERATURE REVIEW

2.1 Pressure transient Tests
Buildup tests, flow tests, interference tests, pulse tests, drill stem tests and wire
line formation tests all can be used according to the need and operation suitability at the
time of the test to evaluate the formation and check the well deliverability. In the field,
it is more convenient to conduct a buildup test and not drawdown. That is because
operators might find it more difficult to maintain the flow rate constant during the
drawdown test and simultaneously monitor the pressure fall. However, in pressure
buildups, the well is produced at a constant rate prior to the test and then the well will be
shut in and only pressure will be monitored without consideration of any flow rate
change. This makes pressure buildup tests, the most frequently used pressure transient
test (Lee, Well Testing, 1982) and, hence, was chosen to represent the tests conducted in
this study.
2.1.1

Assumptions associated with the ideal pressure transient test



Isothermal conditions prevail



Single-phase fluid flow



Homogenous and isotropic system



Gravitational forces are ignored



Laminar flow conditions prevailed



Permeability is independent of pressure

8

With these assumptions in hand, we obtain following partial differential equation for
liquid flow in porous media:
(

)

Equations 2.2, 2.3 and 2.4 are for gases of high, low and full pressures range
respectively.
(

)

(

̅̅

)

(

)

where,
∫
Equations 2.1 through 2.4 all can be expressed in dimensionless form as follows:

(

2.1.2

)

Buildup analysis:

The solutions to the above equations for compressible gas p-approach in buildup
analysis yield the following:
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(
[

and if we plot (pws) vs. (

[

(

)

)

]

] or Horner time ratio (Horner, 1951) ), a graph with

three time regions will be created as follows:

Figure 2: Three distinct regions identified after buildup test. [after: Lee 1982]

The ideal plot should be a straight line but the following explains the reasons for the
deviation and a description for each region:


Early time region:
o Usually is an altered permeability region.
o Storage effect is encountered due to continuing flow towards wellbore
after shutting the well at surface.
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Middle Time region:
o The radius of investigation is beyond the altered permeability.
o The storage effect is now not influencing the buildup data.
o The slope of this region line is the one we use to perform the analysis of
PTA.



Late time region:
o The effect of boundaries and their shapes are being felt.
o Interference from surrounding wells
o Encountering other fluid phase
o Encountering other rock property character (k,Ф)

In the analysis of MTR, the permeability and skin can be calculated from the slope of
the straight line m (Horner, 1951).

[

(

)

]

The principle of superposition in space is being used in the literature to overcome single
well assumption while superposition in time solves variable flow rate wells. Also, the
late time region analyses are being used to estimate drainage-area average pressure and
distance to boundary (Lee, Rollings, & Spivey, Pressure Transient Testing , 2003).
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2.1.3

Variable Flow Rate Buildup Test Analysis:

Horner plot with straight line in equation (2.8) is only applicable where constant
flow rate is maintained before the test starts for enough period of time. It is important to
include changes in flow rate to have a more represented buildup test. For infinite acting
reservoir with no fractures following equation (2.10) can be used for this purpose
(Robert C. Earluogher, 1977):
∑

(

)

A plot of pressure difference vs. summation part in the previous equation 2.10 will yield
a straight line with slope –m. Figure 3 below illustrates the analysis procedure.
q1

qN
q=0

t1

t2

tN-

Pressure buildup, ΔP

qN-1

FLOW RATE, q

q2

SLOPE=-m

tN

TIME, t

Figure 3: Variable flow rate analysis procedure. (After Earluogher)
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2.1.4

Effect of Multiple Wells in Test Analysis (Draw down ):

The principle of superposition (Ahmad, 2001) states that the total pressure drop at
Well 1 (see figure 4 below) is:
(Δp) total drop at well 1 = (Δp) drop due to well 1
+ (Δp) drop due to well 2
+ (Δp) drop due to well 3

Figure 4: Multi-wells in superposition case. (After: Ahmed, 2001)

The pressure at well 1 can now be evaluated using equation 2.11:
[

(

)

(

)

[

]

(

)

[

]

]
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2.1.5

Buildup analysis in a naturally fractures reservoir (Double Porosity):

Naturally occurred fractures in double porosity systems are characterized of their
high permeability characteristics and their low contribution to the system porosity. Two
parameters are typically being used to characterize this system from the homogenous
one (Aguirela, 1987) (Cinco-Lay., 1982).

1. Storativity ratio, ω:
0≤ ω≤1

(2.12)

ω is commonly less than 0.1 and relates the storage capacity of the fracture to the entire
system.

2. Interporosity flow, λ:
(2.13)
where α is a geometry factor.

Warren and Root dual porosity model (Warren & Root, 1963) is widely used in the well
test analysis. It assumes negligible flow through matrix and no second order compaction
effects.
In the analysis of pressure transient testing of a naturally fractured reservoir, the
log-log diagnostic plot in such a system can be seen the figure 5.

14

Figure 5: Log-Log diagnostic plot for a naturally fractured reservoir.

As can be seen the pressure derivate is plotted along with pressure data. The
pressure derivate shapes usually give more insight into the analysis of a pressure
transient testing since they generate signature shapes with a minimal change in the
pressure data. This can be reviewed in the literature by (Tiab, 1980) and (Bourdet D. W.,
1983).

In this work the pressure derivate were calculated using the method presented

by (Bourdet D. A., June 1989).

If a semi-log plot is created, two distinctive parallel lines will be observed. The
vertical difference between the two parallel lines can determine ω value. Also, the
horizontal line at which inflection point occurs in the transition period will be used to
calculate λ, see figure 6.
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Figure 6: Semi-log plot which is distinguished by two parallel lines in naturally fractured
reservoirs.

From the previous plot (figure 6), ω and λ can be calculated using (Earluogher, 1977):
(2.14)
and
(2.15)

where
(2.16)

With a similar concept, (Tang, 1982) and (Tiab, 1980), showed that for a composite
reservoir with different homogenous ring shaped reservoir sections and one inside the
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other, the intersection between two parallel lines in the semi-log plot will determine the
distance to the discontinuity or simply the intersection between the two rings.
2.2 Neural Networks:
Neural networks terminology is derived from the neurological structure of
human brains. This system consists of massively parallel interconnected neurons. In
human scale, this system can perform highly powerful tasks, decisions, recognition
(visual, audial and other sensations etc.) in an effective manner over a very short period
of time. The scientists tried to mimic the human brain and started to develop what is
called artificial neural network systems. This was first started back in in the late 1950’s
by Rosenblat and his team by conducting some pattern recognitions tasks (Hagan et al,
1996). These studies did not continue as the computational needs were tremendous and
the capabilities were very limited. Later, in the mid eighty, this subject rises again after
the transistor revolution and its cause for scientific computational aid. If compared to
recent computers, human brain neural structure is massively more complicated. The
number of neurons, interconnections and their associated signal strengths, biological
processing capabilities inside the neurons are all making it impossible to do an overall
comparison between human neural structure and artificial systems. Human brain signals
are very slow (10-3-10-4 seconds) compared to artificial connections (10-9 seconds).
However, human brain consists of around ten billions neurons interconnected with about
60 trillion massively parallel interconnections that makes it superior compared to the
artificial systems. Scientists only try to mimic small part of this structure and assign a
very specific task to it. With this small part being developed, yet a tremendous and very
wide variety of applications were made possible (Sengupta, 2009).
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2.2.1 Usefulness and capabilities of Artificial Neural Networks:
(Sengupta, 2009)


Non-linearity: the output result is a non-linear combination of the input elements
and hence we say ‘interconnections of non-linear neurons’.



Input / Output mapping: with teaching or “learning” character of the system, one
can specify the inputs and aim for the desired outputs.



Adaptively: with the aid of changing ‘synaptic connections/signal’ strengths, the
system can adapt its performance with changes in surrounding environment.



Evident level check: in other words, ‘how confidence the system is?’ So, it gives
a decision with a measure of confident.



Ability for fault tolerance: if some neurons or interconnections malfunction then,
the system will not collapse but might be affected accordingly “graceful
degradation”.



In biological scale, the ability to interconnect to a very large number of neurons,
but in ANN will be limit.

2.2.2 Artificial Neural Networks basic elements and architecture

All artificial neural networks are generalization of mathematical models to
neurobiological systems (Fausett, 1994) with the following assumptions:
1. Processing of input information occurs in elements called “neurons”.
2. Signals move between neurons over connectional links.
3. Each connection link has an associated weight which is a net of another neuron
that multiply with the signal transmitted.
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4. Each neuron applies an activation function to its sum of weighted inputs to
generate the output signal.
In simple form, the neural networks mainly have three elements:


Architecture: how neurons are interconnected to each other.



Learning mechanism: supervised or unsupervised mechanism to determine the
weights in the connections.



The non-linear output signal processing unit or ‘activation function unit’.

This can be summarized in Figure 7.

Figure 7: The structure of an artificial neural network cell

In the learning process, the only changing parameters are the weights. They are kept
changing until optimal or desired output gained.
The neuron shown in Figure 7 works in simple example as follows:
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1. Original Inputs and arbitrary weights are first fed to an activation function

∑

(2.17)

2. (a) is then applied to a transfer function, see Table 1, which could be linear or
nonlinear.
3. The results are then compared with the original output and the weights are
adjusted accordingly.
4. The process repeats itself until satisfactory results obtained.

Transfer Function
Name

input / output
relation

Hard Limit

a = 0, n < 0
a = 1, n ≥ 0

hardlim

Symmetric
Hardlimit

a = -1, n < 0
a = +1, n ≥ 0

hardlims

linear

a=n

purelin

Saturated
Linear

a = 0, n < 0
a = n , 0≤n≤1
a = 1, n > 0

satlins

Symmetric
Saturated
Linear

a = -1, n < -1
a = n , -1≤n≤1
a = 1, n > 1

satlins

Log-sigmoid

a 

Hyperpolic
Tangent
Segmoid

a 

Positive Linear

Schematic

Matlab
command

1
1  e

-n

logsig

en  en
e n  e -n

tansig

a = 0, n < 0
a = n, 0 ≤ n

poslin

Table 1: Most used transfer functions (Ramgulam, 2006).

Figure 7 illustrates single neuron activities and an overall ANN structure would usually
have a similar structure of Figure 8 with multiple middle layers and neurons.
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Figure 8: Sample of feed-forward ANN structure. [Hagan et al , 1996]

More complex problems typically require multilayered networks and determining the
architecture of the network is a very essential task to support the training process.
(Fausett, 1994)

2.2.3 Some Neural Networks types and learning Algorithms:
Supervised learning: When the generated output is different from the actual output, the
network will create an error signal that will be used to adjust biases and weights in the
next learning cycle. The new weights and biases will then supposedly generate more
representative outputs. This process continues until the error reaches a user specific
tolerance value.
Unsupervised learning: In the learning process, the outputs are not fed to the network
and the learning is based on local information only. This subject is still under research.
The input patterns will be classified and grouped by the network into different pattern
group. When new inputs are fed to the network, it will be assigned to one of the
available groups and if was not able to do that, the network will create new pattern
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group for the new input. Set of guidelines are need to be set by the user in order to
generate new pattern group until the optimal outputs obtained.
Simple Feed-forward Networks
This system characterized with no loops in it with linear character in data processing.
This might consists of single or multiple layer structure.
Cascade Feed-forward Neural Networks
Cascade feed-forward network uses the supervised learning technique and the input
information signals are transmitted to first layer neurons, hidden middle layer neurons
and also output neurons.
Cascade Feed-forward Neural Networks with Back-propagation:
This is the most widely used architecture (Maren, 1990) and will operate in four steps:
1. The input data with the weights are passed through neurons and then to the
transfer functions in all layers until the response is generated at the output layer.
The optimal transfer function will usually be determined by trial and error.
2. The network output will be compared with the archived desired output and error
signal will be generated.
3. The error signal is then returned back to middle layers and each middle layer will
receive a fraction of this error signal based on its contribution in determining the
output values.
4. Weights and biases are updated every time they encounter an error signal.
Hence, the network modifies its generated output by learning patterns within the data
range. When trained, it can be used to predict totally new set of data.
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2.3 Pressure Transient and Artificial Neural Networks:
Dakshindas (Dakshindas, 1999) worked in developing an artificial expert system to
predict the pressure transient analysis. His work can be summarized in the following 4
cases:
Case 1:
A) Simple: infinite field, Homogenous, single phase (oil), symmetrical:
 All wells started producing at the same time, producing at the same rate
and shut in also all at the same time.
B) More complex: infinite field, Homogenous, single phase (oil), non-symmetrical:
 All wells started producing at the same time, producing at the same rate
and shut in also all at the same time.
Case 2: Finite, homogenous, symmetrical:
 Wells with different flow rates, but not variable for the same well.
 Wells were put on production at the same time.
 Wells were shut-in at different times.

Case 3: Finite, homogenous, symmetrical:
 Homogeneous system
 Wells with different flow rates
 Wells were put on production at different times.
 Wells were shut-in at different times.
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Case 4: Heterogeneous system:
 Wells with the same flow rates
 Wells were put on production at the same time.
 Wells were shut-in at the same time.
His work proved that ANN can be utilized to virtualize the Pressure build up data.
Alajmi, (Alajmi, 2003), also implemented ANN tool to predict the pressure transient
data for a double porosity system.
In this thesis work, a more complex and realistic scenarios will be implemented as
described in the introduction section of this report. The main scenarios that will
complement the previously done work are originated from the following considerations:

 Increasing the degree of the reservoir heterogeneity and, hence, making it more
realistic to the naturally occurring reservoirs. This comes by varying one or more
of permeability, porosity, reservoir thickness, production times, start of the
production times, shutting times, boundaries effect, adjacent wells effect…etc.

 Introducing the variable flow rate scenario which was not implemented before
and testing its applicability with ANN procedures.
 Working out a naturally fractured reservoir with double porosity character and
examining the network created to solve such a system.
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Chapter 3: STATEMENT OF THE PROBLEM

One of the reservoir characterization techniques is pressure transient analysis
(PTA). Because the process of well test operation is expensive and causes a delay in the
production schedules, only a couple of wells are selected to collect PTA data. Other
technique in estimating the PTA data can be obtained by reservoir simulation. However,
many uncertainties are encountered while inputting data to the reservoir simulation
model, especially, when the reservoir is new and not adequately described. When PTA
data are collected, permeability, skin, fractures, boundary/faults, and more information
can be explored with this data. The analysis and procedures are well described in the
literature.
In order to assist actual well testing operations and reservoir simulation
estimates, the primary objective of this study is to develop an artificial neural network
model that will aid in estimating the PTA data in a more realistic and robust way. The
use of currently available well test data will be used as an input to the network. PTA
data will be estimated at other well locations that have not been tested yet or even
locations that do not exhibit any well. This ANN model, if trained successfully, will
provide immediate results within acceptable degree of confidence.
The proposed expert system solves a more complicated reservoir in terms of
heterogeneity in the formations and production strategies of variable flow rate wells.
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This study starts with a total homogenous system with identical reservoir and
well properties and moves to a more complicated heterogeneous reservoir with variable
flow rate wells. The heterogeneity comes from variation in permeability distribution,
porosity distribution, non-uniform thickness, skin associated for each well, variable flow
rates wells and by involving naturally occurring fracture in the system under study.
Build up pressure data were used to train the network. The parameters used as an input
to the network are basic well and well-location properties.
The proposed artificial neural network models will support reservoir
management team to set up an improved development plan for the reservoir of interest.
Artificial neural network model proposed, together, with the reservoir simulation
solutions and actual well test operations will all lead to a more efficient reservoir
development plan.
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Chapter 4: DATA GENERATION AND EXPERT SYSTEM

DEVELOPMENT

It is required to have reservoir PTA data in order to train and validate the expert
system network. Different reservoir models were built and run using CMG (commercial
reservoir simulator developed by Computer Modeling Group, Calgary-Canada). In this
chapter, detailed description of all models will be presented. Also, the following section
will discuss the associated network built to mimic the PTA data generated from that
model.
Reservoir Model Scenarios:
4.1 Total homogeneity with identical production/shut-in times:
The reservoir in this section was the simplest form used with total homogenous
system. It was a single permeability with kx= ky= 100 md and kz was 0 md. Also, it
possesses a single porosity of 30%. The reservoir thickness was 30 ft and was developed
with 55 wells distributed in a regularly shaped reservoir. All wells were set up to start
producing at the same time and all were shut in at the same time with production time,
tP=731 days (17544 hrs). The shut in period for all wells was similar– SI time = 30 days.
All wells were producing at the same rate (20 MM SCF/D). The wells were vertical and
had similar completion configuration. Gridding was 49x49x3 (square shaped) reservoir
with ∆X = ∆Y = 1000 ft and ∆Z = 10 ft. It was a gas reservoir with: depth = 8400-8430
ft, OWC=10500ft, GOC=9500ft and reference initial reservoir pressure = 4800 psi. The
fluids PVT data is given in the following tables.
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Table 2: PVT data for the developed reservoir model.
(Pressure)
P, psi
14.7
264.7
514.7
1014.7
2014.7
2514
3014.7
4014.7
5014.7
9014.7

(Solution
gas-oil ratio)
Rs , scf/STB
1
90.5
180
371
636
775
930
1270
1600
2984

(Formation
volume factor)
Bo , RB/STB
1.062
1.15
1.207
1.295
1.435
1.5
1.565
1.695
1.827
2.357

(Gas expansion
factor)
Eg , scf/RB
6
82.7
159
313
620
773
926
1233
1541
2591

(Oil viscosity)
Viso , cp
1.04
0.975
0.91
0.83
0.695
0.641
0.594
0.51
0.449
0.203

(gas
viscosity)
Visg , cp
0.008
0.0096
0.0112
0.014
0.0189
0.0208
0.0228
0.0268
0.0309
0.047

Table 3: Oil-water relative permeability data.

(water saturation)
Sw
0.12
0.82

(Relative
permeability
to water)
krw
0
1

(Relative
permeability
to oil)
krow
1
0

Table 4: Gas-oil relative permeability data.

(Liquid saturation)
Sl
0.12
0.15
0.3
0.4
0.5
0.55
0.6
0.7
0.75
0.8
0.88
0.95
0.98
0.999
1

(Relative
permeability
to gas)
krg
0.984
0.98
0.94
0.87
0.72
0.6
0.41
0.19
0.125
0.075
0.025
0.005
0
0
0

(Relative
permeability
to oil)
krog
0
0
0
1.00E-04
0.001
0.01
0.021
0.09
0.2
0.35
0.7
0.98
0.997
1
1
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The reservoir shape and well locations can be visualized in Figure 9.

Figure 9: Reservoir gridding developed for the first scenario.

Each well was fed to the network with main parameters that help in prediction process.
The parameters were:
•

Well coordinates (x,y).

•

Distances to boundaries (North, South, East and West)

•

Distances to corners of the created grid system:

•

(A/sqrt(d1d2d3d4)*d5)

•

Radial distance (r, θ) from the

(d1,d2,d3,d4 and d5 is the max) .

origin and rsin(θ), see figure 10.

r
θ
origin
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Figure 10: Radial coordinates to a well.

•

(Pressure, time) values for each well during the shutting time of the well test
period.

The ANN network developed was feed-forward with conjugate gradient backpropagation. Its structure includes 2 hidden layers with 15 and 40 neurons in the first
and second hidden layers, respectively. The transfer function following each hidden
layers were both (Log-sigmoid), see Table 1. The network uses 16 input parameters and
10 (P,t) output parameters. The number of training, testing and validation data sets was
35, 10 and 10 respectively. Figure 11 shows the structure of the developed ANN model.

Figure 11: The architecture used to form the network for the first scenario.
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4.2 A) Different Producing times and shut-in continues until all wells are tested:
In this scenario, all wells were to start producing at the same time but the shut in
time (producing time) will vary according to the well location and the region it belongs
to. There are five regions in the reservoir, each region will be shut in at a time and the
shut-in continues until the end of the process. In the Figure 12, the values tP1, tP2, tP3, tP4
and tP5 are symbols indicating the production time for each region or each tP will be
assigned a group of wells/ or a region in the reservoir. The Figure 12 below indicates the
production scenario for this case. The reservoir properties were the same as in the
previous Section 4.1.

Figure 12: Production schemes for regions tp1 through tp5.

Figure 13 shows the distribution of the wells in the reservoir and also areas tp1 through
tp5.
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Figure 13: The reservoir regions and wells locations.

The tp values were 2160, 4344, 8760, 13128 and 17544 hours for tp1, tp21, tp3, tp4 and tp5,
respectively.
The network structure was similar as in Section 4.1 with following changes:


The transfer function used after first hidden layer was tan-sig and the log-sig was
used after the second layer.



The tp value for each well was fed to the network as an input parameter in the
training process.



The output pressure used in the training process was ΔP.

Figure 14 below shows the structure of the developed ANN model.

Figure 14: The architecture used to build scenario 2a network.
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4.2 B) Producing times were different and shut-in period lasts until the next tp
area shuts-in:
The production scheme in this scenario is best described in Figure 15. The
production from all wells start at the same time but when pressure build up region shuts
in, it lasts for 1 month and then this group will be put back in production again and the
next group is shut-in at the same time.

Figure 15: Production scheme for the reservoir in scenario 2b

The network structure that has been developed for scenario 4.2a was successfully
implemented for this production scheme and no change was done to the structure and
only data was used to train the already existing network from section 4.2a.
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4.3 Wells with different flow rate:
The complexity of the problem in this section has been taken one step further by
having wells with different flow rates. Each well will not encounter variable flow rate
but will have production rates different from each other. The flow rate varies from 2
MMSCFD to 30 MMSCFD. The Table 5 below shows the values of flow rate assigned
for each well.

Table 5: Flow rate distribution in the reservoir in scenario 4.3.
Well#
Well 1
Well 2
Well 3
Well 4
Well 5
Well 6
Well 7
Well 8
Well 9
Well 10
Well 11

Q*
15
21
22
4
4
5
6
21
9
12
26

Well#
Well 12
Well 13
Well 14
Well 15
Well 16
Well 17
Well 18
Well 19
Well 20
Well 21
Well 22

Q*
12
16
14
11
28
17
5
2
26
8
14

Well#
Well 23
Well 24
Well 25
Well 26
Well 27
Well 28
Well 29
Well 30
Well 31
Well 32
Well 33

Q*
26
4
7
3
6
21
5
29
2
30
10

Well#
Well 34
Well 35
Well 36
Well 37
Well 38
Well 39
Well 40
Well 41
Well 42
Well 43
Well 44

Q*
11
23
9
4
17
21
28
23
27
17
3

Well#
Well 45
Well 46
Well 47
Well 48
Well 49
Well 50
Well 51
Well 52
Well 53
Well 54
Well 55

Q*
15
17
13
3
8
18
20
7
3
12
23

Q*: Gas Flow rate in Millions Standard Cubic Foot per Day or MMSCFD

The ANN network architecture was a 2-layer feed-forward with two hidden
layers with the first containing 15 neurons and the second 40 neurons. The transfer
functions used were logsig-logsig after each hidden layer and 18 input parameters and
33 output parameters of ΔP and t pairs.

35

ΔP, t

Figure 16: Network structure built for scenario 4.3.

After this scenario, 35 similar runs were done for different values of porosity and
permeability to validate the applicability of the networ k structure and to study the
effects of different values of k and ϕ. These 35 homogeneous runs from the previous
base case can be summarized in the following table and will be discussed in the next
chapter.
Table 6: Summary for runs 4.3.1 through 4.3.35

Porosity Ф, (%)

Permeability (md)
Scenario #

30

50

70

90

100

110

130

10
15
20
25
30

4.3.1
4.3.2
4.3.3
4.3.4
4.3.5

4.3.6
4.3.7
4.3.8
4.3.9
4.3.10

4.3.11
4.3.12
4.3.13
4.3.14
4.3.15

4.3.16
4.3.17
4.3.18
4.3.19
4.3.20

4.3.21
4.3.22
4.3.23
4.3.24
4.3.25**

4.3.26
4.3.27
4.3.28
4.3.29
4.3.30

4.3.31
4.3.32
4.3.33
4.3.34
4.3.35

** Base case scenario
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4.4 Wells involving skin effects:

The formation properties near the wellbore are usually altered significantly with
drilling, completion stimulation or even during production. Mud cake, cement, drilling
fluids, partial drilling, and incomplete perforation will cause damage around wellbore
causing a localized pressure drop. Thus, a more realistic scenario can be obtained when
involving the skin effect for the wells. In this scenario the skin effect for all wells are
included. Tables 7 illustrate the skin value for each well in the reservoir.

Table 7: Skin Factor associated with each well in the reservoir.

Well# Skin
Well 1
0
Well 2
3
Well 3
-2
Well 4
0
Well 5
-3
Well 6
4
Well 7
-2
Well 8
-5
Well 9
2
Well 10
2
Well 11
1

Well# Skin
Well 12 -5
Well 13 -2
Well 14 -3
Well 15
4
Well 16
1
Well 17
4
Well 18 -4
Well 19
0
Well 20
0
Well 21 -2
Well 22
3

Well# Skin
Well 23
5
Well 24 -5
Well 25 -3
Well 26 -2
Well 27
2
Well 28 -3
Well 29
1
Well 30
0
Well 31 -1
Well 32 -2
Well 33
5

Well# Skin
Well 34
1
Well 35 -4
Well 36
1
Well 37 -1
Well 38
3
Well 39
0
Well 40
0
Well 41
3
Well 42 -3
Well 43 -1
Well 44
4

Well# Skin
Well 45 -5
Well 46 -1
Well 47
4
Well 48
4
Well 49 -2
Well 50
0
Well 51 -3
Well 52
1
Well 53
0
Well 54 -3
Well 55
2

The ANN structure in figure 16 was also successfully able to mimic the pressure
response behavior of the system.
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4.5 Reservoir with non-uniform thickness:
The reservoir thickness was assumed to be uniform during the mathematical
development of the well test model. In practice, the reservoir thickness is non-uniform
and estimated with several integrated tools. The seismic will provide an overall bedding
depths and reservoir extent. During the development stage, well logs will give localized
information while the pressure transient analysis is going to provide a broader view
towards the thickness in a larger investigated area. All methods are combined to
eventually have more accurate thickness estimation. In this scenario, the reservoir
thickness was chosen to be varying towards x direction. There were 3 blocks in the z
direction that form the reservoir thickness. The thickness in these blocks started with 7 ft
in block i=1 and continues to change to 31 ft for block i=49. Figure 17 shows the
thickness variation in the reservoir.

The structure of the expert system network here was a two layer feed-forward.
First hidden layer contains 60 neurons and the second was 45. The transfer function after
both layers was tansig. There were 18 inputs and 33 output parameters of ΔP and t pairs.
Figure 18 illustrates the structure of the network proposed. This network was chosen
after many trial and error and tuning attempts with least error involved.
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Figure 17: Reservoir thickness is varying towards x direction.

ΔP, t

Figure 18: The ANN network structure for the non-uniform thickness reservoir.

4.6 Heterogeneity by varying porosity in the reservoir.
One basic assumption in the reservoir pressure transient analysis is that porosity
remains homogeneous and the degree of heterogeneity in the porosity will have
proportional impacts towards the retrieved pressure data obtained from the well
testing procedure. The classical well test analysis will not provide the unique answer
in this case. However, an averaged porosity in the range of the radius of
investigation needs to be used. The porosity gradient in this area of investigation
needs to be small in order to use the averaged porosity value in the area of
investigation. In this study, the system was modified to involve porosity change
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character. Figure 19 shows porosity changes from 9% in the boundaries to 30%
towards the center of the reservoir.

Figure 19: The porosity distribution in the reservoir.
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The same artificial system used in Section 4.5 (Figure 18) was used successfully
to train this reservoir system.

4.7 Heterogeneity by varying permeability in the reservoir.
Having the assumption of constant permeability and the independence from the
reservoir pressure enabled us to eliminate some complexity in the solution of the
diffusivity equation in the radial system. This assumption need to remain unchanged in
order for us to use the solutions obtained in the equations 2.1 through 2.9. The average
permeability throughout the radius of investigation area is the main output obtained from
the analysis of pressure transient data. In the previous scenarios, the permeability was
kept 100 md throughout the reservoir. This scenario introduces heterogeneity in the
system by changing the permeability. The permeability varies from 52 md at i=1 and
varies in the x direction to 100 md in block i=49. Figure 20 below shows the
permeability change distribution in the reservoir. It should be noted that the porosity
distribution of figure 19 is still used in this scenario.
The ANN network created for this scenario has a structure of 2 hidden layers
with 60 and 45 neurons. The transfer functions were both logsig following both layers.
The input parameters needed to involve the distance between each well and another.
Also functional link that relates production rates and the distance was involved
(Distance wells (A+B)/ Flow rates wells (A+B). There were 128 inputs and 33 outputs
involved in the training process. Figure 21 shows the network built for this scenario.
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Figure 20: The permeability distribution in the reservoir of the scenario 4.7.

ΔP, t

Figure 21: ANN model built for heterogeneous permeability reservoir of scenario 4.7.

4.8 Heterogeneity by varying permeability, porosity, thickness and having
irregular shape boundary reservoir.
Having irregular shape reservoir adds more complexity to the problem especially
when analyzing the late time region of the pressure transient data. This scenario involves
all the previous worked out cases in addition of having non uniform boundaries. The
following figures show scenario 4.8 reservoir shape and its properties distribution.
Figure 22 shows porosity while figure 23 illustrates permeability distribution.

44

45

Figure 22: The porosity distribution in the reservoir of the scenario 4.8.
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Figure 23: The permeability distribution in the reservoir of the scenario 4.8.

The input parameters for the network created are:
•
•

Well coordinates
Distances between wells and boundary Points BPx (see Figure 24)

Figure 24: Illustration shows the distances between wells and boundary Points BPx.

•

Distance between wells (A&B)/sum of production (A&B)

•

Radial distance (r, θ) from the origin and rsin(θ)

•

Production time for each well (tp)

•

Flow rate associated with each well

•

Functional links Dmax, Dmin, A/Dmax*1000 and A/Dmin*1000
obtained from Figure 20

The network built in this scenario contained three layers with 60, 45 and 5
neurons for layer 1, 2 and 3, respectively. Transfer functions used are tansig,
tansig and logsig following the previous layers, respectively. 191 input
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parameters and 33 output parameters were used in the training process of this
network. Figure 25 below shows the network structure for this scenario.

ΔP, t

Figure 25: ANN Network built for reservoir of scenario 4.8 - irregular boundary.
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4.9 Heterogeneity by varying permeability, porosity, thickness, having
irregular shape boundary reservoir with a variable flow rate wells.
Introducing variable flow rate wells to the problem increases the complexity of the
scenario. The degree of uncertainty in determining the straight line slope to obtain the
permeability will increase especially when interferences occur between the wells. This
scenario will include all the previous worked out cases in addition of having variable
flow rate wells. The reservoir shape is similar to the one presented in section 4.8.
However, in this scenario, different porosity and permeability values were implemented.
The following figure 26 shows scenario 4.9 porosity distribution and figure 27 illustrates
permeability distribution. The wells started to have variable flow character 100 days
before the test start. All wells flow variations can be seen in figures 28 through 32.
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Figure 26: The porosity distribution in the reservoir of the scenario 4.9.
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Figure 27: The permeability distribution in the reservoir of the scenario 4.9.

Figure 28: Flow rate variations for tp1 group wells.

Figure 29: Flow rate variations for tp2 group wells.
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Figure 30: Flow rate variations for tp3 group wells.

Figure 31: Flow rate variations for tp4 group wells.
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Figure 32: Flow rate variations for tp5 group wells.

The input parameters for the network create were similar to that in scenario 4.8 with the
addition of new six flow rates at 90, 60, 30, 20, 10 and 5 days before the shut in for the
start of the test.

The network created here contained three layers with 60, 45 and 5 neurons for layer 1, 2
and 3, respectively (similar to Scenario 4.8). Transfer functions used are logsig, tansig
and logsig following the previous layers, respectively. 197 input parameters and 33
output parameters were used in the training process of this network. Figure 33 below
shows the network structure for this scenario.
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Figure 33: ANN Network built for reservoir of scenario 4.9 –variable flow rate.

4.10

Naturally Fractured Reservoirs (double porosity systems):

This scenario was created to mimic naturally fractured reservoirs. The reservoir design
parameters in scenario 4.8 were used with adding the following:


The fractures were 1000 ft apart from each other ( in the i and j direction) .



Fracture porosity was set up to maintain constant value of 7%.



Fractures permeability was constant with 1500 md.



Flow rate was maintained constant for each well for one month before the test
start (or shutting the well-off).

The input parameters for the network created were similar to that in Scenario 4.9 but
with only 2 flow rates as input:
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Average flow rate for the past 6 months.



The maintained constant flow rate during the month before the test start.

The network structure was similar to that of scenario 4.9 having three layers with 60, 45
and 5 neurons for layer 1, 2 and 3, respectively. Transfer functions used were similar as
well with logsig, tansig and logsig following the previous layers, respectively. 192 input
parameters and 145 output parameters were used in the training process of this network.
Figure 34 below shows the network structure for this scenario.

ΔP, t

Figure 34: ANN Network built for reservoir of scenario 4.10 – Naturally fractured reservoir.

In the following chapter, the results obtained from each scenario will be presented and
discussed. The error associated with each scenario will be compared to other scenarios
and an overall trend of the error with the reservoir complexity will be generated.
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Chapter 5: RESULTS AND DISCUSSION

The Scenarios 4.1 through 4.10 in the previous chapter were built to create a
library of expert systems that went from simple total homogeneous system to more
complicated and heterogeneous reservoirs. The main output obtained from each expert
system is the pressure transient data that mimic a well testing job. In this chapter, the
results obtained for each expert system will be presented and discussed. The validity of
numerical solution data will be tested against different well test analysis equations. At
the end, the created graphical user interface model will be presented.

5.1

Homogeneous system with identical production/shut-in times:
This network was developed with 2 hidden layers of 15 and 40 neurons and the

transfer functions were both 'logsig' (Figure 11). The error obtained from the testing data
group range from 0.042% to 0.275%. However, the error obtained in in the permeability
comparison is higher and may reach up to 8% as we will see later at the end of this
section. Figure 35 below shows the network relevancy for each input in the network and
its influence to the obtained output. It should be observed that all inputs are distance and
direction parameters and there are no inputs needed to represent the fluid production and
reservoir system since it is total homogenous.
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It can be noted from the Figure 35 that all inputs have similar relevancy and their
contribution to the network is almost the same.

Figure 35: Relevancy for each input towards network outputs – scenario 4.1.

The input parameters in Figure 35 are listed in Table 8:

Table 8: ANN input parameters for scenario 4.1.
1:
2:
3:

X coordinates
y coordiantes
r/(x2+y2)0.5

9:
10:
11:

Well Distance to C2 refrence point ,(c2)
Well Distance to C3 refrence point ,(c3)
Well Distance to C4 refrence point ,(c4)

4:
5:

Well Distance to North boundary ,(d1)
Well Distance to South boundary ,(d2)

12:
13:

Maximum value of (c1, c2, c3 and c4) , (d5)
A/((d1d2d3d4)0.5 *d5)

6:
7:
8:

Well Distance to East boundary ,(d3)
Well Distance to West boundary ,(d4)
Well Distance to C1 refrence point ,(c1)

14:
15:
16:

r

θ (rad)
r sinθ
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Figures 36 and 37 shows actual and predicted pressure build up data values obtained for
testing and validation wells respectively.

Figure 36: Actual and predicted pressure buildup data obtained for testing wells – scenario
4.1.
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Figure 37: Actual and predicted pressure buildup data obtained for validation wells scenario
4.1.

In Figure 38, a cross plot comparisons are shown for the testing wells. The difference in
pressure does not exceed 10 psi in all cases. It will be noted in the next sections how the
performance will improve when pressures differences are used to train the network in
place of absolute pressure values. Also, this network was preliminary work and
contained only 10 pressure build up data as an output for each well.
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Figure 38: Comparison between actual and predicted build up data for the testing wells in
scenario 4.1.
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Figures 39 through 48 with Tables 10 to 19 shows the semi-log plots applied to
the testing wells from which the permeabilities of actual and predicted data are
calculated. The common fluid/reservoir data used for the wells are summarized in Table
8 below and the equations used are from Section 2.1.

Table 9: Properties used in calculating the slope of the semilog plot - some properties are
adjusted based on pressure change involved.

Average formation volume factor , Bg 0.8111 Rb/Mscf
Average viscosity , μ

0.0268 cp

Gas specific gravity

0.86

Gas flow rate , qg

20 MMscfD

Production time, Tp

17544 hrs

Thickness, h

30 ft

Semi-log plot Well #2

Figure 39: Well #2 semi-log plot from numerical model data and ANN predicted data.
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It should be noted that the actual permeability used in the simulation process was 100
md. The resulted permeability obtained from the generated slope of the semilog plot for
well #2 of simulation and ANN data are summarized in the Table 10.

Table 10: Permeability and errors obtained for well #2-scenario#1.

Source

Permeability value

Error %

Numerical model

93.99 md

6.01

ANN

92.28 md

7.72

Semi-log plot Well #4

Figure 40: Well #4 semi-log plot from numerical model data and ANN predicted data.

Table 11: Permeability and errors obtained for well #4-scenario#1.

Source

Permeability value

Error %

Numerical model

99.63 md

0.37

ANN

102.95 md

2.95
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Semi-log plot Well #9

Figure 41: Well #9 semi-log plot from numerical model data and ANN predicted data.
Table 12: Permeability and errors obtained for well #9-scenario#1.

Source
Numerical model
ANN

Permeability value
96.52 md
96.52 md

Error %
3.48
3.48

Semi-log plot Well #10

Figure 42: Well #10 semi-log plot from numerical model data and ANN predicted data
Table 13: Permeability and errors obtained for well #10-scenario#1

Source
Numerical model
ANN

Permeability value
96.52 md
93.59 md

Error %
3.48
6.41
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Semi-log plot Well #12

Figure 43: Well #12 semi-log plot from numerical model data and ANN predicted data.
Table 14: Permeability and errors obtained for well #12-scenario#1.

Source
Numerical model
ANN

Permeability value
96.52
102.79

Error %
3.48
2.79

Semi-log plot Well #13

Figure 44: Well #13 semi-log plot from numerical model data and ANN predicted data.
Table 15: Permeability and errors obtained for well #13-scenario#1.

Source
Numerical model
ANN

Permeability value
102.79
93.59

Error %
2.79
6.41
65

Semi-log plot Well #18

Figure 45: Well #18 semi-log plot from numerical model data and ANN predicted data.
Table 16: Permeability and errors obtained for well #18-scenario#1.

Source
Numerical model
ANN

Permeability value

Error %

100.08
94.77

0.08
5.23

Semi-log plot Well #20

Figure 46: Well #20 semi-log plot from numerical model data and ANN predicted data.
Table 17: Permeability and errors obtained for well #20-scenario#1.

Source
Numerical model
ANN

Permeability value

Error %

97.40
95.08

2.60
4.92
66

Semi-log plot Well #24

Figure 47: Well #24 semi-log plot from numerical model data and ANN predicted data.
Table 18: Permeability and errors obtained for well #24-scenario#1

Source
Numerical model
ANN

Permeability value

Error %

100.08
95.08

0.08
4.92

Semi-log plot Well #39

Figure 48: Well #39 semi-log plot from numerical model data and ANN predicted data.
Table 19: Permeability and errors obtained for well #39-scenario#1

Source
Numerical model
ANN

Permeability value

Error %

98.91
103.21

1.09
3.21
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5.2

A) : Different producing times and shut-in continues until all wells have been
tested:
In this scenario, the network is developed with 2-hidden layer structure of 15 and

40 neurons and the transfer functions were 'tansig' and 'logsig' (Figure 14). The
prediction of the pressure transient data trend improved in this scenario since the
pressure differences were used in the process of training the network. The noise
involved in the previous section was significantly reduced here. The error obtained from
the testing data group ranged between 0.007% and 0.0312%. Figure 49 below shows the
network relevancy for each input and its influence to the obtained output. It should be
noted that producing times and distances to the boundaries are most influential. Figures
50 and 51 shows actual and predicted pressure buildup data values obtained for testing
and validation wells, respectively.

Figure 49: Relevancy for each input towards network outputs - scenario 4.2a.

The parameters shown in figure 49 are listed in Table 20:
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Table 20: ANN input parameters for scenario 4.2a.
1:
2:
3:
4:

x coordinates
y coordiantes
Producing time (Tp)
r/(x2+y2)0.5

10:
11:
12:
13:

Well Distance to C2 refrence point ,(c2)
Well Distance to C3 refrence point ,(c3)
Well Distance to C4 refrence point ,(c4)
Maximum value of (c1, c2, c3 and c4) , (d5)

5:

Well Distance to North boundary ,(d1)

14:

A/((d1d2d3d4)0.5 *d5)

6:
7:
8:
9:

Well Distance
Well Distance
Well Distance
Well Distance

15:
16:
17:

r

to South boundary ,(d2)
to East boundary ,(d3)
to West boundary ,(d4)
to C1 refrence point ,(c1)

θ (rad)
r sinθ

Figure 50: Actual and predicted pressure buildup data obtained for testing wells scenario 4.2a.
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Figure 51: Actual and predicted pressure buildup data obtained for testing wells scenario
4.2a.

Figures 50 and 51 showed a more improved prediction performance and
eliminated noise in the generated data. The improvement in the network prediction
arises since the network uses the pressures differences as outputs. Pressure difference
values are different from absolute pressures since they start from very small values and
increase in a predicted manner with an overall similar trends. In Figure 52, comparisons
are shown for the testing wells.
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Figure 52: Comparison between actual and predicted build up data
for the testing wells in scenario 4.2a.

Figures 53 through 57 shows the semilog plots applied to the testing wells from
which the permeabilities of actual and predicted data are calculated. The common
fluid/reservoir data used for the wells are summarized in Table 9. It should be noted here
that there are different production times (tp1 through tp5) used according to well location
and its region in the reservoir.
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Source

Permeability value

Error %

Numerical model and ANN

104.10 md

4.10

Figure 53: Well # 20 semi-log plot from numerical model simulation
data and ANN predicted data and permeability errors obtained –
scenario 4.2a.
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Source

Permeability value

Error %

Numerical model and ANN

91.06 md

8.94

Figure 54: Well # 38 semi-log plot from numerical model simulation
data and ANN predicted data and permeability errors obtained –
scenario 4.2a.
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Source

Permeability value

Error %

Numerical model and ANN

94.35 md

5.65

Figure 55: Well # 50 semi-log plot from numerical model simulation
data and ANN predicted data and permeability errors obtained –
scenario 4.2a.

74

Source

Permeability value

Error %

Numerical model and ANN

92.47 md

7.53

Figure 56: Well # 53 semi-log plot from numerical model simulation
data and ANN predicted data and permeability errors obtained –
scenario 4.2a.
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Source

Permeability value

Error %

Numerical model and ANN

88.11 md

11.89

Figure 57: Well # 54 semi-log plot from numerical model simulation
data and ANN predicted data and permeability errors obtained –
scenario 4.2a.
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5.2

B): Homogeneous system with different producing times and shut-in period
lasts until the next tp area shuts-in:
In this section, the production schemes are as illustrated in Figure 15. The shut in

time for each well was limited to a certain period. All other properties are similar to
what was presented in Section 5.2a. In the next series of figures, the semi-log plot for all
wells will be presented. Each group of wells that shares similar production times and
also have similar shut in period will be plotted in the same figure. There were five
groups, tp1 through tp5, as can be seen in Figures 58 to 62. All figures, when analyzed,
will yield a slope that will generate the actual permeability (100 md) with error level less
than 10%.

Figure 58: Semi-log plot of wells in Tp1 region.
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Figure 59: Semi-log plot of wells in Tp2 region.

Figure 60: Semi-log plot of wells in Tp3 region.
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Figure 61: Semi-log plot of wells in Tp4 region.

Figure 62: Semi-log plot of wells in Tp5 region.
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The same network structure was used as in Section 5.2a. The predictions were indicative
of good agreement with the actual buildup data. Figures 63 and 64 show actual and
predicted pressure build up data values obtained for testing and validation wells,
respectively.

Figure 63: Actual and predicted pressure buildup data obtained for
testing wells scenario 4.2b.

Figure 64: Actual and predicted pressure buildup data obtained for
validation wells scenario 4.2b.
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Following figures show the performance of each of the testing data in the semi-log plot.

Figure 65: Comparison between actual and predicted build up data
for the testing wells in scenario 4.2b.

Figure 65 illustrates the degree of the accuracy obtained from the predicted data. Almost
all data points aligned in the 45 degree line of the plots in Figure 65. Figures 66 through
70 are to compare the permeability analysis from this scenario between actual and
predicted buildup pressure data.
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Source

Permeability value

Error %

Numerical model and ANN

98.26 md

1.74

Figure 66: Well # 6 semi-log plot from numerical model simulation
data and ANN predicted data and permeability errors obtained –
scenario 4.2b.
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Source

Permeability value

Error %

Numerical model and ANN

94.77 md

5.23

Figure 67: Well #10 semi-log plot from numerical model simulation
data and ANN predicted data and permeability errors obtained –
scenario 4.2b.
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Source

Permeability value

Error %

Numerical model and ANN

90.97 md

9.03

Figure 68: Well # 18 semi-log plot from numerical model simulation
data and ANN predicted data and permeability errors obtained –
scenario 4.2b.
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Source

Permeability value

Error %

Numerical model and ANN

90.29 md

9.71

Figure 69: Well # 28 semi-log plot from numerical model simulation
data and ANN predicted data and permeability errors obtained –
scenario 4.2b.
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Source

Permeability value

Error %

Numerical model and ANN

87.6 md

12.4

Figure 70: Well # 53 semi-log plot from numerical model simulation
data and ANN predicted data and permeability errors obtained –
scenario 4.2b.
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5.3

A reservoir system with wells having different flow rates:
The flow rate distributions for the wells are presented in Table 5. Here, the ANN

structure was a 2-layer feed-forward network with two hidden layers. First layer
consisted of 15 neurons and the second 40 neurons. The transfer functions used were
logsig-logsig after each hidden layer. 18 input parameters and 33 (ΔP,t) output
parameters were used in the training process. The structure is summarized in Figure 16.
It was noted that the network was able to predict the behavior for most of the wells with
high accuracy. However, the error obtained increased with wells having smaller flow
rate values (less than 5 MMSCFD). This observation can be explained with the help of
the following two reasons:

 The smaller flow rates usually prevent enough buildup data to be generated.
Thus, before a representative buildup data can be obtained, the (recorded
pressure signal) will encounter a disturbance from either a side producing well
or a boundary.
 These disturbances are considered to be (late time region) of Figure 2 and their
pressure response possess a higher degree of complexity and its behavior
depends on the type of that disturbance.

Figures 71 and 72 show actual and predicted pressure build up data values obtained for
testing and validation wells, respectively. Figure 73 shows a cross plot comparison
between the testing wells.
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Figure 71: Actual and predicted pressure buildup data obtained for
testing wells scenario 4.3.

Figure 72: Actual and predicted pressure buildup data obtained for
validation wells scenario 4.3.
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Figure 73: Comparison between actual and predicted build up data for the testing wells in
scenario 4.3.

By checking wells 44 and 48 in the Figure 73 above, it is noted that higher errors are
involved as compared to other wells. As shown in Table 5 these wells exhibit flow rates
of 3 MMSCFD which is a small value as compared to other wells. Next Figures 74
through 78 show the semi-log plots obtained from original data for this scenario and the
flow rate effect on obtaining permeability. These figures show that the wells with small
flow rates exhibit a slope in the middle time region that is difficult to be determined.
Figures 79 through 83 are to compare the permeability analysis.
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Figure 74: Performance of the pressure buildup data in predicting the
permeability for wells in Tp1 region having different flow rates.
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Figure 75: Performance of the pressure buildup data in predicting the
permeability for wells in Tp2 region having different flow rates.

Figure 76: Performance of the pressure buildup data in predicting the
permeability for wells in Tp3 region having different flow rates.
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Figure 77: Performance of the pressure buildup data in predicting the
permeability for wells in Tp4 region having different flow rates.
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Figure 78: Performance of the pressure buildup data in predicting the
permeability for wells in Tp5 region having different flow rates.
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Source

Permeability value

Error %

Numerical model and ANN

99.5 md

0.5

Figure 79: Well # 22 semi-log plot from numerical model simulation
data and ANN predicted data and permeability errors obtained –
scenario 4.3.
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Source

Permeability value

Error %

Numerical model and ANN

97.97 md

2.03

Figure 80: Well # 35 semi-log plot from numerical model simulation
data and ANN predicted data and permeability errors obtained –
scenario 4.3.
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Source

Permeability value

Error %

Numerical model and ANN

94.23 md

5.77

Figure 81: Well # 39 semi-log plot from numerical model simulation
data and ANN predicted data and permeability errors obtained –
scenario 4.3.
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Source

Permeability value

Error %

Numerical model and ANN

131.01 md

31.01

Figure 82: Well # 44 semi-log plot from numerical model simulation
data and ANN predicted data and permeability errors obtained –
scenario 4.3.
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Source

Permeability value

Error %

Numerical model and ANN

129.52 md

29.52

Figure 83: Well # 48 semi-log plot from numerical model simulation
data and ANN predicted data and permeability errors obtained –
scenario 4.3.
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Effect of porosity/ permeability change in the prediction performance of the constructed
ANN network:

The scenario 4.3 was rerun for similar homogeneous systems with different
porosities and permeability values as given in Table 6. The reason behind these runs
were to investigate if there will be a need to modify the ANN network structure. It has
been noted that no ANN modification is required if the wells and production rates were
kept unchanged but only permeability and porosity values are changed. Accordingly, the
network performance was independent of the porosity/permeability changes made as
long as it is homogenous.
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5.4

Wells with skin effect:
In this scenario, skin effect was included in the wells of the reservoir under

consideration. The skin values are shown in Table 7 for each well. The ANN used in this
analysis was the same obtained from Scenario 4.3 and its structure is shown in Figure
16. This ANN model was successfully trained to predict the pressure buildup response
obtained from these wells. Following are the figures showing the performance of the
assigned network.

Figure 84: Actual and predicted pressure buildup data obtained for
testing wells scenario 4.4.
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Figure 85: Actual and predicted pressure buildup data obtained for
validation wells scenario 4.4.

Figure 86: Comparison between actual and predicted build up data for the testing wells in
scenario 4.4.
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Figures 87 through 91 with tables 21 through 25 are to compare the skin and
permeability analysis.

Figure 87: Well # 9 semi-log plot from numerical model simulation data and ANN predicted
data – scenario 4.4.
Table 21: Permeability/skin and errors obtained for well #9-scenario 4.4.
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Figure 88: Well # 9 semi-log plot from numerical model simulation data and ANN predicted
data – scenario 4.4.
Table 22: Permeability/skin and errors obtained for well #10-scenario 4.4.
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Figure 89: Well # 12 semi-log plot from numerical model simulation data and ANN
predicted data – scenario 4.4.
Table 23: Permeability/skin and errors obtained for well #12-scenario 4.4.
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Figure 90: Well # 13 semi-log plot from numerical model simulation data and ANN
predicted data – scenario 4.4.
Table 24: Permeability/skin and errors obtained for well #13-scenario 4.4.
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Figure 91: Well # 20 semi-log plot from numerical model simulation data and ANN
predicted data – scenario 4.4.
Table 25: Permeability/skin and errors obtained for well #20-scenario 4.4.
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5.5

Reservoir with non-uniform thickness:
The non-uniformity in the reservoir thickness gave a higher complexity towards

the reservoir properties. The expert system in this scenario was adopted to capture the
variation in the reservoir thickness. Here the structure was built with 60 neurons in the
first layer and 45 neurons in the second. Figure 18 shows the network proposed. The
thickness distribution was as shown in Figure 17. The following Figures 92 and 93 show
the performance obtained from the network towards this scenario of varying thickness.

Figure 92: Actual and predicted pressure buildup data obtained for testing wells scenario 4.5.
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Figure 93: Comparison between actual and predicted build up data for the testing wells in
scenario 4.5.

Well number 48 in the previous two figures had a flow rate of smaller value. Hence, the
reasons of having higher error values for small flow rate wells are the same as
mentioned in Section 5.3.
Figures 94 through 98 with tables 26 through 30 are to compare the skin and
permeability analyses. The equations used for this purpose are 2.8 and 2.9 presented in
Section 2.1.2. The
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Figure 94: Well # 9 semi-log plot from numerical model simulation data and ANN predicted
data – scenario 4.5.
Table 26: Permeability/skin and errors obtained for well #9 - scenario 4.5.
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Figure 95: Well # 14 semi-log plot from numerical model simulation data and ANN predicted
data – scenario 4.5.
Table 27: Permeability/skin and errors obtained for well #14 - scenario 4.5.
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Figure 96: Well # 23 semi-log plot from numerical model simulation data and ANN predicted
data – scenario 4.5.
Table 28: Permeability/skin and errors obtained for well #23 - scenario 4.5.
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Figure 97: Well # 48 semi-log plot from numerical model simulation data and ANN predicted
data – scenario 4.5.
Table 29: Permeability/skin and errors obtained for well #48 - scenario 4.5.
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Figure 98: Well # 51 semi-log plot from numerical model simulation data and ANN predicted
data – scenario 4.5.
Table 30: Permeability/skin and errors obtained for well #51 - scenario 4.5.
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5.6

Heterogeneity in terms of porosity reservoir:
This scenario combines all previous work with having heterogeneity in terms of

the porosity. The same network from Section 5.5 was used here. However, a higher error
was encountered in this section. The pressure transient data were found to be more
challenging to be predicted using the same network. Figures 99 and 100 show the actual
and predicted buildup data for the testing wells. In Figures 101 through 105 and Tables
31 through 35, it can be seen that error has increased and the network need to be
improved for a higher complexity reservoir systems. Figure 19 shows the porosity
distribution for the reservoir.

Figure 99: Actual and predicted pressure buildup data obtained for testing wells scenario 4.6.
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Figure 100: Comparison between actual and predicted build up data for the testing wells in
scenario 4.6.
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Figure 101: Well # 28 semi-log plot from numerical model simulation
data and ANN predicted data – scenario 4.6.
Table 31: Permeability/skin and errors obtained for well #28 - scenario 4.6.
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Figure 102: Well # 29 semi-log plot from numerical model simulation
data and ANN predicted data – scenario 4.6.
Table 32: Permeability/skin and errors obtained for well #29 - scenario 4.6.
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Figure 103: Well # 36 semi-log plot from numerical model simulation
data and ANN predicted data – scenario 4.6.
Table 33: Permeability/skin and errors obtained for well #36 - scenario 4.6.
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Figure 104: Well # 45 semi-log plot from numerical model simulation
data and ANN predicted data – scenario 4.6.
Table 34: Permeability/skin and errors obtained for well #45 - scenario 4.6.
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Figure 105: Well # 52 semi-log plot from numerical model simulation
data and ANN predicted data – scenario 4.6.
Table 35: Permeability/skin and errors obtained for well #52 - scenario 4.6.
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5.7

Reservoir with non-uniform permeability distribution:
The expert model in this scenario was upgraded to a structure of 2 hidden layers

with 60 and 45 neurons with both transfer functions being logsig after each layer. The
input parameters included the distance between each well and functional links relating
production rates and the distance were incorporated. All given 128 inputs and 33 outputs
were involved in the training process. Figure 21 shows the network built for this
scenario. The errors from permeability estimation were reduced from the previous
scenario. However, it should be noted that the error is not generated from the ANN
predicted data. Indeed, numerical model data generated the same error and, hence, the
expert system cannot be of higher accuracy than the simulation data since it is the data
source for this study.
Figures 106 and 107 show the performance obtained after training the network with the
proposed network.

Figure 106: Actual and predicted pressure buildup data obtained for testing wells scenario
4.7.
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Figure 107: Comparison between actual and predicted build up data for the testing wells in
scenario 4.7.

Well number 36 in the previous figures had encountered an early boundary effect
which could not be seen by the network. Figures 108 through 112 with Tables 36
through 40 are to compare the skin and permeability analysis.
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Figure 108: Well # 20 semi-log plot from numerical model simulation
data and ANN predicted data – scenario 4.7.
Table 36: Permeability/skin and errors obtained for well #20 - scenario 4.7.
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Figure 109: Well # 30 semi-log plot from numerical model simulation
data and ANN predicted data – scenario 4.7.
Table 37: Permeability/skin and errors obtained for well #30 - scenario 4.7.
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Figure 110: Well # 36 semi-log plot from numerical model simulation
data and ANN predicted data – scenario 4.7.
Table 38: Permeability/skin and errors obtained for well #36 - scenario 4.7.
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Figure 111: Well # 46 semi-log plot from numerical model simulation
data and ANN predicted data – scenario 4.7.
Table 39: Permeability/skin and errors obtained for well #46 - scenario 4.7.
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Figure 112: Well # 53 semi-log plot from numerical model simulation
data and ANN predicted data – scenario 4.7.
Table 40: Permeability/skin and errors obtained for well #53 - scenario 4.7.
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5.8

Reservoir with irregular boundaries:
The previous expert models were not able to mimic the pressure buildup

behavior in this scenario. Some network input parameters from the previous models are
to be used only for regular shape (square, rectangles, polygon or circles) since it was
using distance to boundary of those proposed shapes. However, when the system
possesses irregular shape boundaries, these parameters can’t be applied and alternative
parameters need to be implemented. Figure 22 from Chapter 4 shows the proposed
irregular shape reservoir and the proposed distance parameters were as shown in Figure
24. A multiple boundary points need to be implemented basically from the work done by
seismic group to set up these points. A more boundary points specified means more
accuracy towards network performance. In this scenario, the network was built with
three layers involving 60, 45 and 5 neurons for layers 1, 2 and 3, respectively. Transfer
functions were tansig, tansig and logsig with 191 input parameters and 33 output
parameters used. Figure 25 in Chapter 4 shows the network structure for this scenario. It
should be noted that an additional hidden layer was needed in this scenario and the
number of input parameters increased as well. Also, it was found that the number of
neurons in the first and third layers was very sensitive towards the network prediction
performance. The following Figures 113 and 114 show the performance obtained after
training the network with the 3 layer proposed network. Wells number 7 and 55 capture
the same trend with some deviations. Other wells were of good agreement. Figures 115
through 119 with Tables 41 through 45 are to compare the skin and permeability
obtained from the analysis.
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Figure 113: Actual and predicted pressure buildup data obtained for testing wells scenario
4.8.

Figure 114: Comparison between actual and predicted build up data for the testing wells in
scenario 4.8.

129

Average error = 0.1158 %

Figure 115: Well # 7 semi-log plot from numerical model simulation
data and ANN predicted data – scenario 4.8.
Table 41: Permeability/skin and errors obtained for well #7 - scenario 4.8.
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Average error = 0.0716 %

Figure 116: Well # 23 semi-log plot from numerical model simulation
data and ANN predicted data – scenario 4.8.
Table 42: Permeability/skin and errors obtained for well #23 - scenario 4.8.
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Average error =0.01635 %

Figure 117: Well # 25 semi-log plot from numerical model simulation
data and ANN predicted data – scenario 4.8.
Table 43: Permeability/skin and errors obtained for well #25 - scenario 4.8.
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Average error = 0.06908%

Figure 118: Well # 36 semi-log plot from numerical model simulation
data and ANN predicted data – scenario 4.8.
Table 44: Permeability/skin and errors obtained for well #36 - scenario 4.8.
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Average error = 0.4275%

Figure 119: Well # 55 semi-log plot from numerical model simulation
data and ANN predicted data – scenario 4.8.
Table 45: Permeability/skin and errors obtained for well #55 - scenario 4.8.
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5.9

Variable flow rate wells:
The input parameters for the network created in this scenario were similar to the

network in scenario 4.8. However, the network was fed with six flow rate values that
have been recorded at the timing of 90, 60, 30, 20, 10 and 5 days before the test start.
Figures 28 through 33 in Section 4.9 show the nature of flow variation in the wells for 5
different time periods that represent 5 different groups in the reservoir.

In this scenario, the network was built with three layers involving 60, 45 and 5
neurons for layers 1, 2 and 3, respectively (similar structure obtained from section 4.8).
However, the transfer functions were logsig, tansig and logsig with 197 input parameters
and 33 output parameters used. Figure 33 in section 4.9 shows the network structure for
this scenario. Figures 120 and 121 show the performance obtained after training with the
proposed network. All tested wells capture the same original trend and were of good
agreement. Figures 122 through 126 are to compare permeability obtained from the
analysis using Horner plot modified for a variable flow rate wells. As can be seen from
these plots the average error generated does not exceed 0.2% in all cases. Also, the error
margins for the permeability calculations are shown in Table 46:
Table 46: Permeability comparison for wells in scenario 4.9.
Well #
23
30
33
48
49

Actual
k(md)
58.100
22.413
47.750
47.750
64.000

ANN
k(md)
61.894
22.565
46.446
41.750
68.104

%error
6.530
0.680
2.730
12.565
6.412
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Figure 120: Actual and predicted pressure buildup data obtained for testing wells scenario
4.9.

Figure 121: Comparison between actual and predicted build up data for the testing wells in
scenario 4.9.
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Average error = 0.01656%

Figure 122: Well # 23 Horner plot from numerical model simulation data and ANN predicted
data – scenario 4.9 for a variable flow rate well.
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Average error = 0.01084%

Figure 123: Well # 30 Horner plot from numerical model simulation data and ANN predicted
data – scenario 4.9 for a variable flow rate well.
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Average error = 0.02688%

Figure 124: Well # 33 Horner plot from numerical model simulation data and ANN predicted
data – scenario 4.9 for a variable flow rate well.
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Average error = 0.00988%

Figure 125: Well # 48 Horner plot from numerical model simulation data and ANN predicted
data – scenario 4.9 for a variable flow rate well.
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Average error = 0.0111%

Figure 126: Well # 49 Horner plot from numerical model simulation data and ANN predicted
data – scenario 4.9 for a variable flow rate well.
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5.10 Naturally Fractured reservoirs:
This scenario combines all previous worked scenarios except that the reservoir
exhibit dual porosity with naturally fractures involved in the system. Also, the wells are
associated with only two distinctive variable rates. One rate will be used over the life of
the simulation period and the other will be maintained only one month before the test
with a higher value. By this, enough pressure transient data are allowed to develop and
hence will better represent the system in the analysis. The system fracture permeability
is set to be 1500 md. Matrix permeability and porosity values were similar to the
reservoir described in Section 4.9. The network used here was as in section 4.9 with
more output parameters involved (145 pressure buildup data points were included).
Also, the actual and predicted buildup data for the testing wells are compared in Figures
127 and 128.It can be seen that the expert system is able to predict the pressure buildup
data closely for the testing data sets (wells). The two parallel straight lines can’t be
observed here because of the interference effect. However, the early time period was
analyzed to obtain the fracture permeability. Also, a signature plot (similar to Figure 5)
was observed in all cases. Figures 129 through 133 are to compare PTT data and hence
to obtain fracture permeability. The calculated fracture permeability values are
compared against the simulator input in Table 47:
Table 47: Fracture permeability comparison for wells in scenario 4.10.
Well #
9
10
12
13
20

Actual
kf (md)
1500
1500
1500
1500
1500

ANN
kf (md)
1328.71
1469.00
1652.05
1495.71
1576.69

%error
11.419
2.067
10.137
0.286
5.113
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Figure 127: Actual (blue) and predicted pressure buildup data obtained for testing wells
scenario 4.10.

Figure 128: Comparison between actual and predicted build up data for the testing wells in
scenario 4.10.
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Figure 129: Semi-Log plot for testing well #9 in a naturally fractured reservoir.

Figure 130: Semi-Log plot for testing well #10 in a naturally fractured reservoir.
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Figure 131: Semi-Log plot for testing well #12 in a naturally fractured reservoir.

Figure 132: Semi-Log plot for testing well #13 in a naturally fractured reservoir.
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Figure 133: Semi-Log plot for testing well #20 in a naturally fractured reservoir.
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5.11 Examining The Resolution of The Numerically Generated Data as Analyzed
with P, P2 and Ψ Approach:
The reservoir described in Section 4.1 with a single well operating at the center of the
reservoir will be utilized to examine the three gas equations 2.2, 2.3 and 2.4 for high,
low and full pressures range systems. The reservoir is homogenous with a permeability
value of 100 md and the slope obtained from the pressure transient testing using the
aforementioned equations will be analyzed to calculate the permeability and then
compared to the actual value. In the process of training the ANN, only high pressure
reservoirs analyzed with p-approach were implemented to maintain minimum error.

Case 1: High Pressure Reservoir: (P >4500 psi)

a) Using the p-approach: the error calculated when comparing actual permeability
value against the analytical solution slope is 13.11%.

m=-5.94 psi/cycle
k=86.9 md

Figure 134: Semi-log plot when using P approach in a high pressure reservoir.
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b) Using the p2-approach: the error obtained when comparing actual value and
analytical solution of the permeability is 14.83%.

m=-57856.7 psi2/cycle
k=-85.2 md

Figure 135: Semi-log plot when using P2 approach in a high pressure reservoir.

c) Using the Ψ-approach: the error obtained when comparing actual value and
analytical solution of the permeability is 12.58%.

m=-1997462.5 psi2/cycle
k=87.4 md

Figure 136: Semi-log plot when using Ψ approach in a high pressure reservoir.
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Case 2: Low Pressure Reservoir: (P <800 psi)
a) Using the p2-approach: the error obtained when comparing actual value and
analytical solution of the permeability is 14.07%.

m=- 25132.8 psi2/cycle
k=85.9 md

Figure 137: Semilog plot when using P2 approach in a low pressure reservoir

b) Using the p-approach: the error obtained when comparing actual value and
analytical solution of the permeability is 15.80%.

m=-17.09 psi/cycle
k=84.2 md

Figure 138: Semilog plot when using P approach in a low pressure reservoir.
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c) Using the Ψ-approach: the error obtained when comparing actual value and
analytical solution of the permeability is 13.63%.

m=- 2021890.6 psi2/cycle
k=86.4 md

Figure 139: Semi-log plot when using Ψ approach in a low pressure reservoir.

Case 3: Medium Pressure Reservoir: (800psi<P <3400 psi)
a) Using the Ψ-approach: the error obtained when comparing actual value and
analytical solution of the permeability is 10.92%.

m=- 1960222.6 psi2/cycle
k=89.1 md

Figure 140: Semi-log plot when using Ψ approach in a medium pressure reservoir.
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b) Using the P-approach: the error obtained when comparing actual value and
analytical solution of the permeability is 11.81%.

m=- 6.41 psi/cycle
k=88.2 md

Figure 141: Semilog plot when using P approach in a medium pressure reservoir.

c) Using the P2-approach: the error obtained when comparing actual value and
analytical solution of the permeability is less than 13.72%.

m=-32626.9 psi2/cycle
k=86.3 md

Figure 142: Semilog plot when using P2 approach in a medium pressure reservoir.

Justification of the work done: In the training of the ANN model, high pressure buildup tests were implemented since the p-approach proved to give the minimal errors.
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5.12 Graphical User interface (GUI):
For a better accessibility and to ease operating the models, each scenario (i.e.:
reservoir with specific configurations and production scheme) was assigned a graphical
user interface toolbox (Mathworks, 1994-2012). There were 10 different GUI toolboxes
built in this study. Each toolbox will have four main information panels. The first panel
will provide the user with the reservoir summary and illustration about the scenario
being worked. The second will prompt the user to enter the primary information about
the new location with its production scheme. The third part, will calculate the other
ANN parameters needed to be used in the trained network. Finally, the network will be
called and new pressure buildup data will be generated based on the new entered and
calculated parameters. Also, a proposed semi-log plot will be provided for further
analysis. Figure 144 is showing part one of the GUI where user can review the reservoir
environment. Figure 145 is showing the second and third part of the GUI where user can
input the main reservoir parameters in the tabulated section and hit the button to let the
model to calculate the remaining input set. Figure 146 shows the final step where the
GUI calls the trained ANN model with the new entered parameters and the shows the
pressure transient testing semi-log plot where the user can do the analysis on.
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Figure 143: GUI main widow where user can check reservoir map and summary– scenario
4.10.
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Figure 144: GUI showing the entered tabulated data and the calculation section – scenario
4.10.
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Figure 145: GUI showing the final pressure transient testing data on a semi-log plot – scenario
4.10.
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Chapter 6: SUMMARY AND FUTURE WORK

This study presents the development and results of a library of expert systems
that predicted the behavior of build up pressure data obtained for a desired location in a
reservoir of interest. The artificial neural network models developed in this work were
able to mimic the pressure buildup data with a high degree of accuracy especially in the
early and middle time regions. The results obtained from the expert system were
compared to that obtained from the reservoir simulation data and showed good
agreement in most cases.

6.1 Summary
This work proved that pressure buildup data can be predicted within the ranges
of the input/output parameters obtained from the reservoir under study. The expert
systems built were able to capture and recognize the trends of the pressure build up data
obtained from the reservoir simulator or can be even extended to real well testing data
available from the wells record. The pressure buildup data predicted in this study
represents 10 different scenarios such that each subsequent scenario is more universal
than the previous one and accordingly is considered to be more comprehensive. The
expert system inputs started with simpler form of input parameters for a complete
homogenous system in scenario 4.1 and required more demanding information for the
more complex system as in scenario 4.10. The error range generated between actual and
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predicted results are usually less than ~3%. This error is in the pressure buildup data.
However, the analysis of permeability and skin yielded a higher error.
In this study, the pressure buildup data prediction models or networks were
developed successfully. These networks were developed individually for each of the
assigned scenario. It is shown that these networks provide effective utilization tools for
the desired purpose of predicting the pressure transient data. A higher error is usually
observed for wells that have smaller flow rates since not enough buildup data are
obtained. For each reservoir, it is advised to build its own network since it is considered
to be a system by itself. However, the library of the ANN models can help in choosing
the starting model and might be edited accordingly. Also, building a graphical user
interface section for each model helps the user to better communicate with the models
and ease the final analysis work.

6.2 Future Work
The current study can be expanded further to consider following scenarios:


Working with Horizontal completion wells.



Working with hydraulically fractured reservoir wells.



Involving new pressure transient testing reservoir systems that will help in the
buildup of the current model library.

In summary, the future work and scenarios should be in the upper right corner area in
Figure 146 (reproduced from Figure 1) to represent a more desired and challenging
scenarios.
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Figure 146: Future scenarios academic/industrial interest and measure of their complexity.
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