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INTRODUCTION

In today's highly competitive environment, oil
and gas production and management necessitate
the use of cutting-edge technology. These tools
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Abstract. Recently, exploration, drilling and production in oil and gas
sources have become challenging owing to the complexity of the
system. Industry developers established these sources several years
ago, and their production histories now differ. To that end, the
production and administration of oil and gas resources have
necessitated the application of an advanced method of data processing,
referred to as an artificial neural network, to solve these challenges. An
Artificial Neural Network (ANN), a type of Artificial Intelligence (Al), is a
network of interconnected nodes inspired by the structure of neurons in
the brain. One primary goal of neural networks is to solve the complex
problems of the oil and gas industry that cannot be easily addressed
using traditional modelling tools. This method typically helps decision-
makers improve choices and reduce non-productive time and costs. In
this research, we developed an artificial neural network (ANN) model of
a gas production system in MATLAB to model, simulate, and predict gas
production. We trained the network on field gas-production data, using
temperature and pressure as input parameters, and applied various
training algorithms. We varied the number of hidden-layer neurons and
the delays in the model, which produced 35 distinct outputs. The
predicted outputs demonstrated excellent performance, achieving a
correlation value of 0.98 and a mean squared error of less than 2%.
Furthermore, the statistical error metrics showed excellent agreement
between the ANN predictions and field report data. Thus, the results
indicated that the ANN model could be applied to predict gas production
accurately from a flow station.

Keywords: Artificial neural network (ANN); MATLAB; hidden layers;
training algorithm; mean square error (MSE).

enable the reduction of the cost of hydrocarbon
resource exploration, production, and manage-
ment. Engineers continually strive to keep pace
with the latest advancements in information

4021


https://gankcoenergy.com/
https://cyphercrescent.com/
https://www.atbu.edu.ng/#/
http://fudutsinma.edu.ng/
http://dx.doi.org/10.22178/pos.121-23
mailto:agiwa@fudutsinma.edu.ng
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

Path of Science. 2025. Vol. 11. No 8

ISSN 2413-9009

technology. Employing computers in the work-
place, incorporating sophisticated simulation
models in decision-making processes, and digital
control and monitoring of equipment that were
considered cutting-edge only a few years ago are
now standard operating procedures. The term
"Advanced Technologies" has a fluid meaning [1],
and one of its components is an artificial neural
network.

Artificial neural networks and fuzzy set theory,
with their applications in artificial intelligence,
have taken on a new meaning in recent years,
giving the phrase "Advanced Technologies" a
new meaning. These tools provide engineers and
scientists with the foundation for developing in-
telligent machines. These types of tools have sig-
nificant potential in hydrocarbon exploration,
production, and management. Although the ex-
pert system is only one member of the artificial
intelligence family, it has been used as a synonym
for artificial intelligence. In fact, many Al re-
searchers believe that neural networks have ac-
complished considerably more in their short life-
times than expert systems have in their entire
lifetimes. The utilisation of neural networks,
which are non-algorithmic, non-digital, intensely
parallel, and distributive information processing
systems, is increasing every day.

In recent years, several articles on the application
of neural networks in the petroleum industry
have appeared in the literature. This collection
comprises two types of articles. Those who use
neural networks to study formation lithology
from well logs, and those who utilise neural net-
works to choose a reservoir model for use in tra-
ditional well test interpretation studies. The use
of a fault-tolerant procedure to automate these
processes, which are traditionally conducted by
log analysts and reservoir engineers, could be
beneficial.

Oil/gas exploration, drilling, production, and res-
ervoir management are complex these days be-
cause most conventional oil and gas sources have
already been discovered and have been produc-
ing for many years. As a result, petroleum engi-
neers are utilising advanced tools, such as artifi-
cial neural networks (ANNs), to support deci-
sion-making and reduce non-productive time
and costs.

The goal of this study is to demonstrate that neu-
ral networks can address some of the most sig-
nificant challenges faced in the petroleum indus-
try. Engineers and researchers can utilise neural
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networks to address fundamental petroleum en-
gineering challenges, as well as specific problems
that traditional computing methods have been
unable to solve. Specifically, this study aims to
apply a neural network to predict gas production
in a given gas flow station.

Theoretical Background

1) Neural Network Structure. An artificial neural
network is an information-processing system
that exhibits specific performance characteristics
similar to those of biological neural networks [2].
Cells are the building blocks of all living things.
Neurons are the fundamental components of the
nervous system. A cell body, an axon, and den-
drites make up a normal biological neuron, as
shown in Figure 1.

Synaptic Connection

Dendrite {

Figure 1 - Two bipolar neurons [2]

Dendrites allow information to enter the cell
body. The cell body then sends an output through
the axon to another receiving neuron, and the
output from the first neuron becomes an input
for the second one, and so on [2].

The human brain comprises between 10 and 500
billion neurons [3]. There are approximately 500
neural networks in each region that contain
these neurons [4]. Approximately 100,000 neu-
rons comprise each neural network, and these
neurons are connected to thousands of addition-
al neurons [2]. The complex behaviour of hu-
mans is attributed to this structure. Simple tasks
like walking, collecting a cup of coffee, or moving
one's hands require incredibly intricate calcula-
tions that the human brain can perform, but ad-
vanced computers cannot. At the same time,
computer chip cycles run from nanoseconds to

4022



Path of Science. 2025. Vol. 11. No 8

ISSN 2413-9009

milliseconds, and human brain cycles span from
10 to 100 milliseconds. Despite this, the human
brain is still capable of performing considerably
more complex activities than computers, thanks
to the advanced structures of the neurons.

Artificial neural networks (ANNs) are a simula-
tion of the above-mentioned biological process.
ANNs are created using mathematical models
that make the following assumptions [2]:

1. Information is processed by elements known
as neurons.

2. There are links between the neurons that al-
low information to pass through.

3. Each link in the connection has its own weight.

4. Once the neurons have received the inputs,
they will use an action function to determine
the outputs.

Figure 2 is a schematic of an artificial neuron; the
outputs of other neurons are multiplied by the
weights of the connection links and enter the
neuron.

I
\
L W,
i 5
—_—
W,
II

Figure 2 - Schematic of an artificial neuron [2]

The inputs are then combined, and the neuron's
activation function is applied to generate an out-
put. As a result, a neuron has multiple inputs but
only one output. A neural network consists of an
input layer, one or more hidden layers, and an
output layer. The input and output layers, as the
names suggest, are for inputs and outputs. The
hidden layer is responsible for extracting fea-
tures from the data [2]. ANNs can be simple
three-layer networks, as illustrated in Figure 3,
or more complex, as shown in Figure 4.

2) Mechanism of a Neural System. Training and
test sets are the two categories into which a typi-
cal neural data processing algorithm separates
the database. The training set builds the desired
network for the model. Depending on the para-
digm, this procedure involves the network ad-
justing the weights between its neurons or pro-
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cessing units using the desired result in the train-
ing set (supervised training).

vi

o N

Input Hidden Output
Layer Layer Layer

Figure 3 - Example of a simple network [5]

Input Hidden

Output
Layer Layer Layer

Figure 4 - Example of a complex network [5]

Applying the test set to the network for valida-
tion occurs after the network has "converged" on
the data in the training set. It is crucial to re-
member that although the user has the appropri-
ate test set output, the network has not seen it.
Researchers perform this step to ensure the
trained network remains resilient and intact,
thereby allowing for a clearer understanding of
the neural system's actual functionality.

A neuron is a nerve cell that has every nerve cell
function. One of the most distinguishing charac-
teristics of animals is their nervous systems,
which include neurons. The body of the cell con-
tains the nucleus. The nucleus is reached by at
least one dendrite. In most situations, impulses
are conducted toward the cell body by the
branching, tapering processes of the nerve cell.
Axons are nerve cell processes that carry impuls-
es out from the cell body.

Nerve structures are made up of bundles of neu-
rons known as nerve fibres. Nerves, in a simpli-
fied scenario, carry impulses from receptor or-
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gans (such as the eyes or ears) to effector organs
(such as muscles or glands). A synapse is the
point between two neurons in a neural pathway
where the termination of one neuron's axon
comes into proximity with the cell body or den-
drites of another. At this point, a microscopic gap
exists, and the relationship between the two neu-
rons is one of contact only. The impulse that
travels through the first neuron causes an im-
pulse to travel through the second one. Signals
enter the synapses. These are the parameters.
They have been "weighted". That is to say, some
signals are more powerful than others. Some sig-
nals stimulate (positive), while others inhibit
(negative). The neuron adds together the effects
of all weighted inputs. If the sum is equal to or
greater than the neuron's threshold, the neuron
fires (gives output). It is "all-or-nothing" in this
case. A neuron either fires or does not fire.

Recent advancements in hardware have enabled
the computer simulation of artificial neural net-
works. Although it may seem odd to simulate a
parallel process on a sequential machine, numer-
ous advantages have been identified. It has
bought time for the fundamental goal of imple-
menting neural networks in hardware, and it has
shed light on flaws in previous models. Simula-
tions have enabled us to understand better and
improve the technology, as well as predict the
performance of a specific neural network in a
given application. Analogue neural network cir-
cuits have been built and tested in addition to
simulations.

In neural computing, the artificial neuron is re-
ferred to as a Processing Element, or PE for short.
Another name for this fundamental building
piece is a node. The resemblance between these
artificial neurons and their natural counterparts
is minimal. They barely approximate biological
neurons to a first-order degree. Neurons in the
human brain carry out at least 150 distinct tasks,
and Processing Elements models roughly three of
those tasks. The PE is responsible for several es-
sential tasks. The system evaluates every input
signal to determine its strength. The next step is
to calculate the sum of the input signals and
compare it to a threshold. Lastly, it needs to de-
termine the output. A PE should have many input
signals, just as a neuron has many inputs (stimu-
lation levels). They should all enter PE at the
same time. In response, depending on some
threshold level, a neuron either "fires" or "does
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not fire". The PE will be given a single output sig-
nal, similar to how a biological neuron works -
many inputs, one output.

Furthermore, just as real neurons are influenced
by factors other than inputs, some networks pro-
vide a mechanism for such influences. Engineers
sometimes refer to this additional input as a bias
term or a forcing term, and they refer to it as a
forgetting term when the system needs to un-
learn previously learned information. The system
assigns each input a relative weight, which de-
termines its impact; this is analogous to the vary-
ing synaptic strengths of biological neurons. In
the way they combine to produce an impulse,
some inputs are more important than others.
Weights are network adaptive coefficients that
determine the intensity of the input signal. They
could be thought of as a measure of the connec-
tion's strength. The network changes the initial
weight of a PE in response to various inputs and
according to its modification rules.

Mathematically, the inputs and their weights
could be considered as vectors, such as (I1,
[2,...In) and (W1, W2, ..Wn). The dot product, al-
so known as the inner product, of the two vectors
yields the total input signal. The outcome is a sca-
lar rather than a vector. The inner product of two
vectors can be used to calculate their geometric
similarity. The inner product is maximum when
the vectors point in the same direction; it is min-
imum when the vectors point in opposite direc-
tions (180 degrees). Signals can be positive (ex-
citatory) or negative (inhibitory).

A positive input encourages the PE to fire,
whereas a negative input inhibits the PE from
firing. If some local memory is connected to the
PE, the results of previous computations can be
saved and the weights used as the process con-
tinues. The ability to change the weights enables
the PE to modify or learn its behaviour in re-
sponse to its inputs. Assuming that a network
classifies a production well as "an injection well",
connection weights that respond correctly to a
production well are strengthened in subsequent
iterations; those that react incorrectly to others,
such as an injection well, are weakened until they
fall below the threshold level. It takes more than
simply changing the weights for production well
recognition; the weights must be adjusted so that
all objects are correctly identified and classified.
Backpropagation is used when weight adjust-
ments are made in preceding layers of feedfor-
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ward networks by "backing up" from the out-
puts; this is an essential concept because back-
propagation algorithms are used in a large per-
centage of all networks today.

Assuming that this processing element is com-
bined with other PEs to form a layer of these
nodes. Inputs can be connected to multiple nodes
with varying weights, resulting in a series of out-
puts, one for each node. The connections, which
roughly correspond to axons and synapses in a
biological system, provide a signal transmission
pathway between the nodes. Several layers can
be linked together. The input layer is the layer
that receives the inputs. It typically serves no
purpose other than to buffer the input signal. The
output layer generates the network outputs. Any
other layer is referred to as a hidden layer be-
cause it is internal to the network and has no di-
rect contact with the outside world. Researchers
sometimes compare the hidden layer to a "black
box" within the network system. However, they
can still investigate it even though it is not imme-
diately visible. There could be one or several hid-
den layers. The weights associated with each in-
terconnect are multiplied by the connections.
They represent analogue values. It is worth not-
ing that there are far more connections than
nodes. If every output from one layer is passed
along to every node in the next one, the network
is said to be fully connected. This description of
neural system components is based primarily on
Nelson and Illingworth's book [1].

3) Application of Artificial Neural Network in Pe-
troleum Engineering. Some fundamental petro-
leum engineering problems, as well as specific
ones that conventional computing has been una-
ble to solve, can be addressed by neural net-
works. When engineering data for design and in-
terpretation is insufficient, petroleum engineers
may benefit from neural networks; this is partic-
ularly common in basins and fields that have
been producing for a long time. Due to the high
cost of coring, well testing, and other related ex-
penses, there may be a lack of adequate engi-
neering data. Neural networks have shown great
promise in generating accurate analysis and re-
sults from large amounts of historical data that
would otherwise appear to be useless or irrele-
vant in the analysis. Neural networks are a viable
alternative in addressing many problems in pe-
troleum engineering [6].
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Literature Review

Some researchers have worked on the subject
matter. For instance, authors [7] developed a
neural network model to forecast U.S. natural gas
supply up to the Year 2020. The developed neu-
ral network model served as both a short-term
and long-term predictive tool for natural gas
supply. The researchers found that the model
could be used to investigate the quantitative im-
pact of various physical and economic factors on
future gas production. Authors [8] developed a
neural network to predict the WAT for various
hydrocarbon mixtures. The model was trained
using different combinations of thermodynamic
properties of twelve different hydrocarbon fluids
and subsequently validated against experimental
data. Results show that the ANN approach was
able to predict the WAT more accurately than the
existing models. The researchers found that the
average absolute deviations (AAD%) for the ANN
were lower than those of the existing models.
They also discovered that using a combination of
molecular weight, density, and activation energy
as input parameters produced the most accurate
predictions.

Furthermore, the authors [9] assessed the appli-
cation of proxy models generated through Artifi-
cial Neural Networks (ANNs) as a substitute for
the flow simulator in the history matching pro-
cess, demonstrating that the ANN can efficiently
capture the nonlinearities of the problems. A syn-
thetic reservoir with real characteristics was
used to test the methodology. The researchers
found that applying the ANN as a proxy model
was promising and that they could achieve a
good match with fewer simulations. Authors [10]
used an Artificial Neural Network (ANN) for flow
pattern identification, but with a pre-processing
stage using natural logarithmic normalisation.
This pre-processing stage helps to normalise the
extensive data range and to reduce overlapping
between flow patterns. The researchers extend-
ed the model's validity by using dimensionless
inputs, enabling its application to horizontal
pipes of various diameters, liquid densities, and
viscosities. The concept was validated by build-
ing and testing the model using both experi-
mental data and well-known multiphase flow
models. An ANN model was built using three di-
mensionless parameters: the liquid Reynolds
number, the gas Reynolds number, and the pres-
sure drop multiplier. The developed model
achieved an accuracy of more than 97% in classi-
fying flow patterns across a wide range of flow
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conditions. Authors [11] developed a predictive
data-driven model to understand well perfor-
mance and forecast gas production using DTS
data and daily flowing time as dynamic inputs.

The researchers took DTS measurements along
the lateral side of well MIP-3H each day and up-
scaled them to the stage scale using an averaging
method. The researchers trained a multilayer
perceptron neural network (MLPNN) using
stage-based daily DTS data and daily flow time to
predict the next day's gas production. A sensitivi-
ty analysis was carried out by removing each
stage DTS attribute from the input dataset to
identify the most influential stages in predicting
gas production. The sensitivity analysis (SA) re-
veals that several stages may carry higher
weights in predicting gas production, while oth-
ers have a lesser impact on prediction accuracy.
Authors [12] carried out a study that focused on
predicting oil production rates using the Leven-
berg-Marquardt backpropagation algorithm to
train the Back Propagation Artificial Neural Net-
work (BPANN) and Decline Curve Analytical
Methods (DCAMs). The study considered 1600
data sets, with 70% for training and the remain-
ing 30% for testing. The input parameters used
were the gas production rate, tubing head pres-
sure, and flowing bottom-hole pressure, with the
crude oil production rate serving as the output.
The developed BPANN model can predict oil
production rates as a function of gas rates, pro-
duction times, flowing bottom-hole pressures,
and tubing head pressures.

Based on the literature review conducted, it was
found that few studies are available on predicting
gas production using artificial neural networks.

METHOD

The development of the neural network was car-
ried out with the aid of MATLAB Neural Network
Toolbox using the procedures outlined thus.

Selecting the Dynamic Time Series Methods. Pre-
diction is a type of dynamic filtering that utilises
past values of one or more time series to forecast
future values. Dynamic neural networks, which
include tapped delay lines, are used for non-
linear filtering and prediction. This tool allows
the solution of three types of non-linear time se-
ries problems, as shown in Figure 5.
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Select a Problem
) Nonlinear Autoregressive with External (Exogenous) Input (NARX)

Predict series y(t) given d past values of y(t) and another series x(t).

x(8 |_¢»—f" é {8 = fx(t-1),x(t-d),
Y(t-1),.y(t-d))

O Nonlinear Autoregressive (MAR)

Predict series y(t) given d past values of y(t).

O Nonlinear Input-Output

Predict series y(t) given d past values of series x(t).

Important Mote: NARX solutions are mare accurate than this solution. Only
use this solution if past values of y(t) will not be available when deployed.

x(t) |_¢>—l<% }—«u y(t) = F(xit-1),..x(t-d))

@ cancel

Figure 5 - Selection of a non-linear time series
problem

The three types of non-linear time series models
were employed in this study to predict gas pro-
duction.

Selection of Data. At a particular time, after se-
lecting the type of non-linear time series model,
the researchers chose the data set for the neural
network. As shown in Figure 6, they prepared
two sets of input data: first, the input data x(t),
and then the target data, which defines the de-
sired output y(t).

4 Neurai Time Series (ntstool) -

Select Data

‘What inputs and targets define your nonlinear autaregressive problem?
Get Data from Workspace Summary

Input time series xith Inputs input is a 231 matrix, representing dynamic data: 31 timesteps of 2
® Inputs [imput o[ L] etements.

Target time series, defining the desired output y(tk Targets ‘output is a 1x31 matrix, representing dynamic data: 31 timesteps of
@ Targecs ot v|[ ]| 1stment

Select the time series format. (tonndata)

Time step: O micell comn ® BilMatrix column O ElMatrixrow

xo ; ¥

Want to 1ry out this toal with an example data set?

Load Example Data Set

B To continue, click [Next].
& Neural Network Start 1 Welcome:

@Back || % Next | [ O Cancel

Figure 6 — Data selection
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They then converted the time series format into a
matrix column.

Validation and Test Data. The percentage of vali-
dation and testing was varied as shown in Fig-
ure 7.

A\ Newral Time Series (ntstool) o X
& Validation and Test Data
Set aside some target timesteps for validation and testing.
Select Percentages Explanation
% & Randomly divide up the 21 target timesteps: & Three Kinds of Target Timesteps:
T @ Training: 21 target timesteps | ® Training:
o 5 target timesteps | TS are presented to the network during training, and the network is
adjusted according ta its emar,
W Testing: 5 target imesteps
@ Validation:
These are used to k ization, and to halt raining
‘generalizatian staps improving,
@ Testing:
These have no effect on training and 5o provide an independent measure of
network performance during and after training.
| Restore Defautts
B Change percentages i desired, then click [Next] to continue.
& Neural NetworkStart | | FH welcome: | ®Back || #nNer | | O cancel

Figure 7 - Validation and testing data

The timesteps for training were fixed, but when
the validation and testing timesteps were varied,
the percentages were normalised to ensure that
everything summed up to 100%.

Network Architecture. The researchers chose the
number of neurons and input/feedback delays,
as shown in Figure 8.

4\ Newral Time Sarias (wtstaol) - o x

Network Architecture

Recommendation

Retum to this panel and change the number of neurons or delays if the
network does not perform well after training.

Number of delays d: 2 || me 100p form as shown below.
Ope sed loap (multi-step)

Problem defintion: 6= R Dyt Doy ) oo network with cortect past outputs
as outputs.

Afte the network may be converted 10 closed loop form, or any

aining,
ather form, that the application requires.

Restore Defaults.

Neural Network

% Change settings it desired, then clck [Next]to continue

& Neural Network Start i welcome

[ ®5ack |[ S next | | O cancel

Figure 8 — Network Architecture of the Neural
Network

However, if the network did not perform well
after training, they could adjust the number of
neurons or delays. In this study, they varied the
number of neurons and delays to determine the
optimal values that produced highly accurate re-
sults.

Section “Engineering, Manufacturing and Construction”

Training the Network. The researchers trained
the network to fit the input and produce the tar-
get data. To do this, they selected a training algo-
rithm. For this study, three training algorithms
were employed: Levenberg-Marquardt, Bayesian
Regularisation, and Scaled Conjugate Gradient
(Figure 9).

\ Noural Time Series (ntst =

., Train Network

& Target Values mse ar
@ Training: 21

ok [Next

Wi Welcome  Back O Cance

Figure 9 - Training the Network

After training the network, they calculated the
mean square error and regression value. They
defined the mean square error as the average of
the squared differences between the outputs and
the targets. The lower the value of the mean
square error, the better the model developed.
The regression (R) value was used to measure
the correlation between the outputs and the tar-
gets. The closer the R to 1, the better the devel-
oped model.

Deploying Solution. Generation of deployable ver-
sions of the neural network, such as application
deployment, code generation, Simulink deploy-
ment, and graphical representations, can be car-
ried out using the toolbox on this page (Fig-
ure 10).

4\ Heural Time Series (ntstoal} - o X

Deploy Solution
5 Generate deployab versions of your trained neural netwark

(genFunction) |4\ MATLAB Function

\etwork for deployment with MATLAB Coder taols.

LAB function with matrix-only arguments (no cell aray supporty: (genfunction) | #\ MATLAB Matrix-Only Function

in Simuiink or deploy with Simulink Ceder tols.

Simulink diagram: tgensim) | WA Simulink Diagram |

Graphics

Generate a graphical diagram of the neural netwark: (networi/view) | % Neural Network Diagram |

) Depioy  noursl etwork or ik [N

[ ewoi Neworksan | | Wiwelcome [ ] @ nea | [Ocamcer |

Figure 10 - Deploying the solution
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Saving Results. The researchers generated the
MATLAB script for the developed model, which is
presented on this page (Figure 11).

b Hewral Time Seies (ntstool) - o x

() SaveResults
Generate MATLAB scripts, save results and generate diagrams.
Generate Seripts

and test a with this took £ Simple Script

) Advanced Script

 Save Ranults

*®Back | % Newt @ Finish.

Figure 11 - Saving results

Additionally, the results, along with all data from
the model, were saved to the workspace.

The diagrams of the different neural network
models considered in this study are presented in
Figures 12-19, as indicated.

Figure 12 - NARX Neural Network

4\ NARX Neural Network - Predict One Step Ahead (view - O X

Figure 13 — NARX Neural Network - Predict One
Step Ahead

4\ NARX Neural Network - Closed Loop (view) - O X

Figure 14 — NARX Neural Network - Closed Loop
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4 NAR Neural Network (view) — O =

Figure 16 — NAR Neural Network - Predict One Step
Ahead

4\ NAR Neural Network - Closed Loop (view) — O X

Hidden Output

Figure 17 — NAR Neural Network - Closed Loop

#\ Time Delay Neural Network (view — ] X

Figure 18 - Time Delay Neural Network

4\ Time Delay Neural Network - Predict One Step Ahead ..  — O X

Hidden Output

y(t+1)

10 1

Figure 19 - Time Delay Neural Network - Predict
One Step Ahead

Simulation of the Neural Network Model. The
simulation of the network was carried out using
various dynamic time series methods, with the
number of neurons in the hidden layer, the num-
ber of delays, and the training algorithms being
varied. The dynamic time series methods, train-
ing algorithm, number of neurons in the hidden
layer used and number of delays applied were as
given in Table 1.
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Table 1 - Varied neural network parameters Method |  Training No. of Neuronsin | No.of
Method |  Training No. of Neuronsin | No.of Allgorlthm the Hidden Layer | Delays
Algorithm the Hidden Layer Delays Conjugate
NARX | Levenberg 10 2 Non- | venberg 10 2
NARX | Bayesian 10 2 i\l}near
on-

NARX zf)?lljeudgate 10 2 linear Levenberg 5 5
NARX Levenberg 8 2 Non- Levenberg 2 8
NARX Levenberg 5 5 linear
NARX  |Bayesian 8 2 Non- Levenberg 3 10
NARX |Bayesian 5 5 linear
NARX [Bayesian 2 8 Non- b vesian 10 2
NARx | Scaled g ) i\llnear

Conjugate I on- Bayesian 8 2
NARY | Scaled 2 8 I\llnea_lr

Conjugate I on Bayesian 3 10
NARx | Scaled 3 10 o

Conjugate Non- Scalled 10 3
NAR | Levenberg 10 2 linear | Conjugate
NAR Levenberg 8 2 Non- Scalgd 8 2
NAR Levenberg 5 5 linear Conjugate
NAR Levenberg 2 8 Non- Scalgd 5 5
NAR Bayesian 10 2 linear Conjugate
NAR Bayesian 8 2
NAR Bayesian 5 5 RESULTS AND DISCUSSION
Eﬁﬁ gg 22;22 g 180 Table 2 presents th(? training simulation resglts

Scaled for the gas production at the gas flow station.
NAR Conjugate 10 2 Generally, several studies have applied ANN for
NAR Scaled 8 5 predicting gas production in a reservoir.

Conjugate
NAR Scaled 5 5
Table 2 - Qutputs of the model evaluation

Method Training Algorithm in ,l[\}lloe' I?Ifi(lj\]deélr:ir;;er No. of Delays MSE R

NARX Levenberg 10 2 2147483647 0.685
NARX Bayesian 10 2 2147483647 -0.712
NARX Scaled Conjugate 10 2 2147483647 0.9324
NARX Levenberg 8 2 2147483647 -0.274
NARX Levenberg 5 5 2147483647 0.427
NARX Bayesian 8 2 2147483647 0.955
NARX Bayesian 5 5 2147483647 0.98
NARX Bayesian 2 8 2147483647 0.997
NARX Scaled Conjugate 8 2 2147483647 0.837
NARX Scaled Conjugate 2 8 2147483647 0.952
NARX Scaled Conjugate 3 10 2147483647 0.988
NAR Levenberg 10 2 2147483647 -0.345
NAR Levenberg 8 2 2147483647 0.177
NAR Levenberg 5 5 2147483647 -0.552
NAR Levenberg 2 8 2147483647 -0.327
NAR Bayesian 10 2 2147483647 0.804
NAR Bayesian 8 2 2147483647 0.985
NAR Bayesian 5 5 2147483647 -0.49
NAR Bayesian 2 8 2147483647 0.972
NAR Bayesian 3 10 2147483647 0.699
NAR Scaled Conjugate 10 2 2147483647 0.562
NAR Scaled Conjugate 8 2 2147483647 0.913
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Method Training Algorithm . No. Of. Neurons No. of Delays MSE R
in the Hidden Layer
NAR Scaled Conjugate 5 5 2147483647 -0.256
Non-Linear Levenberg 10 2 2147483647| -0.7098
Non-Linear |Levenberg 5 5 2147483647 0.244
Non-Linear Levenberg 2 8 2147483647 -0.807
Non-Linear Levenberg 3 10 2147483647 0.732
Nonlinear Bayesian 10 2 2147483647 -0.277
Nonlinear Bayesian 8 2 2147483647 0.58
Nonlinear Bayesian 3 10 2147483647 0.85
Nonlinear Scaled Conjugate 10 3 2147483647 0.89
Nonlinear Scaled Conjugate 8 2 2147483647 0.75
Nonlinear Scaled Conjugate 5 5 2147483647 0.87

In this study, the researchers clarified the im-
portance of the number of neurons and the num-
ber of hidden layers. They varied the number of
hidden layers, adjusted the number of neurons in
each layer, and the number of delays until the
model achieved optimal performance. They also
varied other parameters during the neural-
network simulations and presented the results in
Table 2. The results presented in Table 2 indicate
that certain parameter combinations can yield
negative values of the regression value (R). As
such, it is essential to find a suitable combination
of parameters to apply in developing the neural
network model.

The result of the training performance, as meas-
ured by the mean square error and the number
of epochs during training, is depicted in Figure
20. Successful training was completed, resulting
in the lowest errors in the verification and testing
curves, which were nearly identical based on the
epoch numbers. As shown in Figure 20, the result
of the gas production converged to a mean
square of 116985161372386.2 at the 21st itera-
tion.
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Figure 20 - Plot of mean squared error
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Figure 21 shows the correlation between the ac-
tual gas production and the predicted gas pro-
duction obtained from the developed neural
network.

350000000
300000000
250000000
200000000
150000000
100000000

50000000

0

30-Mar  04-Apr 09-Apr 14-Apr 19-Apr 24-Apr 29-Apr  04-May

Actual Predicted

Figure 21 - Graph of actual and predicted gas
production

As can be seen, there was a similarity in the trend
of the gas production values for the gas flow sta-
tion, indicating that the developed neural net-
work was a valid one. The predictive neural
model yielded a range of production data be-
tween 200 MMSCF and 300 MMSCF.

The regression values obtained for the training
set, testing set, and the desired output, as shown
in Figure 22, were 0.8567, 0.9389, and 0.86248,
respectively. Since the values were close to 1, it
indicated a strong relationship between the out-
put and the target data.

The results obtained also suggested that there
was a need to develop ANN predictive tools for
evaluating the performance of a gas flow station.
By comparing its results with the reported data
from the gas flow station, it was demonstrated
that the ANN model achieved high accuracy in its
predictions. The reason for this excellent predic-
tive performance was due to the careful selection
of specific parameters for training the ANN mod-
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el. The researchers found that the difference be-
tween the predictive results and the field report
data was less than 2%.

The weekly average gas production values were
calculated and compared with actual and pre-
dicted values from the developed neural net-
work, as shown in Figure 23.
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Figure 22 - Plot of regression values

According to the figure, there was a good agree-
ment between the actual and the predicted val-
ues. The researchers identified this as another
indication of the validity of the developed neural
network model.
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CONCLUSIONS

The researchers found that MATLAB successfully
developed a neural network model to predict gas
production. They discovered that the neural
network model could accurately forecast gas
production for the gas flow station, thereby in-
creasing efficiency and output. The results of the
developed predictive model demonstrated the
versatility of the artificial neural network in suc-
cessfully predicting gas production for a gas flow
station. The developed neural network analysis
compared the actual amount of gas produced at
the gas flow station to the expected values, and it
was discovered that the developed neural net-
work could accurately predict the production of
more gas. The results provided by the predictive
model indicated its validity, as it yielded values
close to one for both the regression values of the
training and testing datasets. Furthermore, a val-
ue difference of less than 2% between the predic-
tive results and the field report data indicated
that the field production data and the predicted
data were closely related.
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