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Abstract

Irag's oil production is a critical component of its economy and a major contributor to
global oil markets. As of recent data, the country produces approximately 4 million
barrels per day (bpd), having adjusted its output to align with OPEC+ regulations.
Historically, Irag's production has fluctuated, influenced by internal factors like
infrastructure development, political challenges, and global agreements. Over the period
from 1992 to 2022, Irag's oil production has demonstrated significant growth, with
occasional dips during periods of conflict or global market adjustments. The country
possesses vast reserves and has consistently worked on expanding its production capacity
through partnerships and investments in key oil fields ELA HOMEPAGE.The analysis is
based on comparison between the EIman Neural Network before and after using wavelete
transform to interpret the data. This study investigates the application of wavelet
transforms in optimizing model performance, focusing specifically on reducing the mean
square error (MSE). The analysis employed Daubechies wavelets at levels 1 and 2, with
results demonstrating that the level 2 Daubechies wavelet outperformed others in
minimizing MSE. The findings underscore the efficacy of wavelet transforms,
particularly level 2 Daubechies, in enhancing the predictive accuracy of the model. These
results highlight the significance of wavelet-based approaches in achieving improved
performance metrics.
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1. Introduction:

Time series analysis is widely used across several areas due to its ability to
use the natural temporal structure of data via the sequential presentation of
observations. An example of an approach that is often used in time series
analysis is the Box-Jenkins ARMA (p,q) model. This model combines
autoregressive (AR) and moving average (MA) components. Important
techniques such as the partial autocorrelation function (PACF) and the
autocorrelation function (ACF) may help you discover temporal patterns and

seasonal affects in the data Pl[*°]

Wavelet analysis provides a powerful framework for studying data across
multiple scales by decomposing it into frequency-based components
localized in both time and frequency domains. Unlike Fourier transforms,
wavelets are particularly adept at handling non-stationary signals, enabling
the detection of localized patterns. This makes them especially suitable for
dynamic and irregular datasets, with applications in signal processing and

time series analysis*4117]

The Elman Neural Network (ENN), introduced in 1990, enhances the
Backpropagation (BP) framework by incorporating a "context layer" that
retains historical information for subsequent iterations. This dynamic
memory feature allows ENNs to effectively leverage temporal context and
recognize sequential patterns, making them highly applicable to tasks
involving time dependent data. This research aims to assess the Elman Neural
Network's (ENN) performance by contrasting its accuracy and efficiency
before to and after the implementation of Wavelet Transform (WT). The

study's overarching goal is to determine if and by what margin WT improves
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forecasts and classifications. The objective is to find out whether the ENN's
performance is significantly enhanced across different datasets when WT is
included.["28l

2. Material and Methods:
2.1Time Series:

A time series is a set that may be the measurements taken at regular or
irregular intervals.In mathematics, a collection of vectors { (b),b € T} is
defined, where the index parameter (T) denotes the time-space or the set of
observations indexed by time. A random variable is the one that is denoted
by (b).BI4

2.1.2Types of Time Series Data:

2.1.2.1 Stationary Time Series:

Stationary time series are crucial to time series analysis, serving as the
foundation for model development and forecasting. Non-stationary time
series are more commonly used in practical applications, particularly in
business, economics, and industry, where processes frequently display non-
stationary behavior. While stationary data is optimal for analysis, real-world
settings typically include non-stationary datasets that necessitate particular

processing.!

In many circumstances, non-stationary data can be turned into a stationary

process using the differencing method, represented as:

VZt=Zy —Zi—i, e, (1)
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Once this transformation is completed, it becomes possible to model the
changes, anticipate future values of these changes, and generate projections

for the original Non-stationary Time Series.
2.1.2.2 Non-Stationary Time Series :

The non-stationarity of a time series is a property of linear and nonlinear
systems that causes the behavior of the system to fluctuate over time. The
presence of mean shifts and fluctuations in process variance, together with a
trend that varies over time, indicates non-stationarity (Kan, Tan, and
Mathew, 2015). When a time series {Z;} becomes stationary after
differencing, it is said to be homogeneous non-stationary. This may also be

said as.[24]

Wt =Z, — Zy_1= (1=B)Zy e v .. (2)
or for higher-order differences,

Wt=(1 — B) Zeiiiiiiiiiiiiiin, (3)

Non -Stationary around mean: when the mean of a series is not
constant.

Non Stationary around Variance: Many time series are non-stationary
because of their time-dependent variances and autocovariance, variance

that changes through time.
2.2 Wavelet concept:

Wavelets are tiny waves that may be coupled together to create larger and

more complicated waves. A comprehensive wavelet system that can capture
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build an orthonormal wavelet foundation in wavelet analysis, one uses the
mother wavelet and the scaling function: the father wavelet. Because of its
poor resolution, the Short-Time Fourier Transform is problematic when
working with non-stationary events. To get over this constraint, however, the
wavelet transform gives representations in both the frequency and temporal

domains.[61&ll10]

2.2.1Wavelet Properties:

The key properties of wavelets are outlined as follows:! 1012l

1. The fact that the wavelet W(.) function's zero average exists over the
interval (-oo,t+o0) implies that the waveform is oscillating and has to be

situated in space.
[[Pwdx=0 e (4)

2. The square of the wavelet ¥(.) function integrates into one, assuring

compactness or limited length.
fjozo P2(x)dx =1

3. The wavelet function's in-vanishing moments enable exact representation

of signals using a finite sum.

[52 xk@(x)dx = 0 k=0.1,......... N
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4. The scaling function's integral across one interval (-0, +o) equals one,

standardizing the area under the function to unity.

[Z o(x)dx =1

2.2.2 Wavelet Types: The types of wavelets which have gained popularity

throughout the development of wavelet analysis:

2.2.2.1 Discrete Wavelets:
There is a wide variety of discrete wavelets available, and each one has its
own set of uses: [12113]

1. Haar wavelet

2. Coiflet (6,12,18,24,30).

3. Daubechies wavelet (2, 4, 6, 8, 10, 12, 14, 16, 18, 20).

2.2.2.3 Discrete Wavelet Transform:

Discrete Wavelet Transform is an incredibly flexible tool for signal
processing that finds applications in a wide range of fields, from computer
science and engineering to mathematics and physics. To create a
multiresolution representation of the signal, DWT breaks it down into the
shifted and scaled copies of the compactly supported basis function, which
is called the mother wavelet.

Given a signal vector with N observations (where N is an integer), the
DWT may be expressed as: (€I

Z=WX (8)
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Z is a vector with N dimensions that includes wavelet coefficients and
discontinuous scaling. Additional vectors may be constructed from these
wavelet coefficients:

Z =[CD;,CA;] eoovveeee 9)

In this context, CD;is a Nj-long vector that represents the wavelet
coefficients (details) connected to variations on a 2/, scale, and CA4; is an;-
long vector that represents the scaling coefficients (approximations or
smooth components) linked to the average over a 2/ scale.The orthonormal
NxN matrix W corresponds to the orthonormal wavelet basis that has been
selected.

2.2.3.1 Haar wavelet:

The Haar wavelet, introduced by Alfred Haar in 1909, is recognized as the
first and simplest wavelet. Its straightforward nature makes it a common

starting point for beginners in wavelet theory. For N = 2, deriving the Haar
wavelet involves satisfying three conditions: stability ( hy> + hy*=1),

accuracy h, + h,;=v2 , and orthogonality h,h,=0,These constraints yield a
unique solution: hy, = 1 and h, = —1,This leads to defining the scaling
function as a step function. 61120l

2.2.3.2 Coiflet(6,12,18,24,30):

Wavelets with compact support and higher-order vanishing moments are
known as coiflets, which were created by Ingrid Daubechies. N denotes the
quantity of vanishing moments for the scaling (¢) and wavelet () functions,
and is shown as Coiflet(N). Coiflet(6,12,18,24,30) and its variants cater to
a wide range of signal processing requirements by varying the filter length

and vanishing moments. These wavelets strike a good compromise between
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greater N, but better frequency localization is achieved. Coiflets'
effectiveness in evaluating data from both areas makes them popular.[*!!
2.2.3.3 Daubechies wavelet (2, 4, 6, 8, 10, 12, 14, 16, 18, 20):

In 1988 and 1992, Daubechies introduced two types of compactly supported
wavelets, each defined by a particular level of smoothness. These are referred
to as Daubechies' maximally phase and minimally symmetric wavelets,
constructed based on the standard condition described in the referenced

equation. 6120l

ZO + Zl + ZZ + Zg = . (10)
ZO_ Zl+ ZZ_ Z3 =0 ...................... (11)
_Zl+ZZZ_ 3Z3=0 ..................... (12)
ZO ZZ + Zl Zg = 0 ............................ (13)
ZZO + Z21 + ZZZ + 223 = 2 .................. (14)
The unique solution for the equation is exists:
1+3 3+V3
ZO == 2 Zl = PREEEERITEERREERE (15)
Zz - _3_4\/5 Z3 - _1_4\/5 ........ (16)

2.3 Concept of Neural Network :

Neural networks and artificial intelligence working together to simulate how
the brain processes and understands data. The method is called deep learning,
and it uses a hierarchical network of interconnected neurons to simulate the
way the human brain works. The result of this method is an adaptive system,
which gives computers the ability to learn and advance over time. As a result,
artificial neural networks are very adept at challenging tasks such as

document summarization and picture identification.[°1t6]
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2.3.1 Supervised Learning Algorithms: The training of a model in
supervised learning algorithms often involves the usage of labeled datasets.
By studying the patterns in the examples given, these algorithms learn to
convert incoming data into the results you want. Once trained, the model
may use previously unknown data to generate predictions or judgments.
2.3.2 Reinforcement Learning Algorithms: Reinforcement learning is a
subfield of machine learning algorithms that aims to train agents to adapt
their decision-making to their environment. The agent learns from its actions
and makes adjustments to its strategy to maximize cumulative rewards over
time. It receives feedback in the form of rewards or penalties.

2.3.3 Unsupervised Learning Algorithms: Unsupervised learning
algorithms seek to discover structures, correlations, or patterns in unlabeled
data without being guided or instructed to produce certain results. The
algorithms in question constitute a subset of MLP.

2.3.4 EIman Neural Network (ENN):

In 1990, Elman created a kind of RNN known as the Elman Neural Network.
The buried layer's feedback loops allow it to receive input from both the
current and prior instants. When dealing with problems involving discrete
time series, ENN is useful because of the pattern-learning abilities and its
ability to imitate nonlinear and dynamic systems. Backpropagation is one of
the most well-known supervised learning methods. The ENN gains its self-
referencing, repeating feature and is able to preserve its past outputs via the
context layer.[7116]

2.3.5 The Structure of EIman Neural Network:

Elman Neural Networks (ENNSs) are a kind of layered neural network that

looks like a classic multi-layer architecture. Most importantly, this
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architecture incorporates a context layer that stores and recycles the results
of buried layers. With this information, the ENN can better manage patterns

and sequences that change over time thanks to its temporal memory.["]

Input units
Pl

J Hidden units Output units Output
A >(:' N vrk)
xrk) : ,
(O l
= hY

Input
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e

(O] &L

y
Y

Fig 2.1The Structure of ElIman Neural Network

There are a few different ways to train ElIman networks: The weight matrices
wii(t), we(t), wo(t) reflect the external input, context, and output,
respectively. The sentence reads as follows: "The sentence has an external
input vector x1(t) =[ x{(t) xi(t), ............. x1(©)]", and an output vector
Zy = [21(0) , Zp (D), .oeee Z,(©)]7, Based on the above information, the
hidden neuron count is wi(t) € R™™ w¢(t) € R™*™ woh(f) € RM>m
The hidden layer's output vector, denoted as c(t-1), is equal to the set
ct—1D)=[c(t—1),c(t—1),..c,, (t = D]T

Returned to the buried layer as an additional input vector, is defined as the

whole input vector. xy = [ x{ () ,x7(t) , «orceeee xi(t),x2,,(0), ... ...
xie(®)]"

[ xG]" (X117 = (2@, 25 () , . 23 () , 7 (t = 1), ey (= DT
e (17)

wherek=m +n
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The activation function of the output layer takes the sigmoid function The
output vector can be computed by equations:
The activation function of the output layer takes the sigmoid function The

output vector can be computed by equations:

1

—¢( 0 _ .
Zic —f(ai (t)) = m , 1= 12,......... n

,h .
a?(t) = 2111:11 Wj(; (t) « h(b) i=123,.....n

For relationships among the input layer, the context layer, and the hidden

layer, define the complete input weight matrix as:

wh(t) = [whi(r), whe (t)] € RmxK
So the output of the complete input vector, the activation function of the

hidden layer takes the sigmoid function:

1

h(t) = £(al (D)) = v iR R m

.................... (20)

a0 = T, WI® *x (D) ,j =12, eoum

.................. (21)

The target of the ENN training algorithm is to minimize the mean-square
error

MSE(t) = lle(;)ll2

e(t) = d(t) — Z(t)

Here, are the desired outputs.
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OE ,
wORE+ 1) = wOR(E) - g = WO Oy (De(DhT () |

Wht+1) = w0 - g = WO + ph' (O W (D)

172" (©e(®xT () ... ... (23)
Here, u is the learning rate of the EBP, and

z'(t) = diag[f'(a2(®©)f' (3D, e ver v o £(@5(D))] € RMD
e (29)

b (1) = diag[f’ (a} (©) £ (aB(0), ... £' (alh (©))| € R

............ (25)

Elman networks can be trained following occurs at each epoch [18]: The
external input, context, and output weight matrix are represented as wi(¢),
we(t), wo(t) respectively.it contains a -dimensional external input vector
xI@) =[xI(t) x3(), ..o x1(t)]", and a -dimensional output vector
Zy = [21(0) 4 Z(0) 5 ooonee Z,(©]T, The number of hidden neurons is,
and therefore w™i(t) € R™*™, wh<(t) € R™*™ woh(t) € RMX™

The output vector of the hidden layer c(t — 1) = [c;(t— 1), c,(t —
1,...cp,(t— D]

connected back to the hidden layer as another input vector, so the complete

input vector is defined as:

X = [ X1 (1) x50, coorrnnann, x1(1),x2,,(0), ... ... x¢(]T =
[[xCo]™ Xpl™1" = [x1 (0, x5, e e e e xp (O, (£ = 1), oo e (E—
DT (26)

wherek=m +n
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The activation function of the output layer takes the sigmoid function The
output vector can be computed by equations:

Ziy =f(af®) =

1
1+exp(—a?(t))

h .
' = 32w (®) s 1=123...n

For relationships among the input layer, the context layer, and the hidden
layer, define the complete input weight matrix as:

wh(t) = [whi(r), whe (t)] € Rmxk

So the output of the complete input vector, the activation function of the

hidden layer takes the sigmoid function:

hy(t) = f(a]h(t)) = ! i =12, e m

1+exp(—a]9'h(t))

...................... (29)

a?"() = T, WI® *x(0) ,j =12, eoum

...................... (30)

The target of the ENN training algorithm is to minimize the mean-square
error

MSE(t) = lle(;)ll2

e(t) =d(t) —Z(v)
Here, are the desired outputs.

0E(t) _
awon)

wOl(t)+py’ (©e(D)hT(t) e e (31)

wolt+1) = wol'(®) - p
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_ JE(t) _
Wh(t+ 1) - Wh(t) - }lm - Wh(t) +
uh’ ([ wo (]2’ (©)e(O)xT (1) ... ..... ...(32)
Here, p is the learning rate of the EBP, and
z'(t) = diag[f’(a?(©)f' (a3(0), . cer e . £'(@3(D)] €
R (33)
h'(t) = diag[f’ (al(®) ) ' (ak (V) ...... £’ (a{;(t))] € R

2.3.5 Training an EIman NN:
Elman networks have two training options: train and adapt. While using

the train function, the following happens at each training epoch:[!

1- The network is programmed with the whole input sequence, and then it
computes the outputs, compares them to the goal sequence, and produces

an error sequence.

2- Ignoring effects of delayed recurrent connections, mistakes are
backpropagated at each time step to approximate weight and bias

gradients.

3-After training the suggested function, the weights are updated using the
estimated gradient in accordance with the user-selected backpropagation
technique.

With the adapt function, the following actions are performed at each time
step during training:

1-Network makes a mistake after receiving the input vectors.
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backpropagating the error. Due to the removal of contributions from
delayed recurrent connections, this is again an estimate.
3- The user's preferred learning function is utilized to update the weights
via the approximation gradient; learning is the recommended function.
Elman networks rely on estimating the error gradient for training and
adaptation, which makes them less dependable than other varieties.
Additional hidden neurons are often needed for them to outperform other
learning techniques. As the number of hidden neurons increases, the
likelihood of efficiently dividing the input space and finding the best
weights also increases.

2.3.6 Testing an EIman Neural Network (ENN): include testing how well

the trained network performed. We can evaluate the ENN's generalizability

by feeding it new, unknown data and seeing how well it predicts and

classifies. It is common practice to follow these steps during testing:l have

read (7101

1. A new dataset, called the test data, is fed into the network after training.
There was no use of this dataset during training.

2. Through recurrent connections, the Elman neural network sequentially

analyzes inputs from the past. At each step, the context layer influences

future outputs based on the hidden layers and their output.

3. Results Assessment: As a third step, the network uses the input data to

make predictions or categorizations. To determine how accurate these

outputs are, they are compared to the actual values in the test data.

4. Metrics for performance: In regression, metrics like as mean squared error

(MSE) evaluate the network's capacity to internalize patterns and apply them
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score, recall, accuracy, and precision.

5. is to make sure the network isn't overfitting; this happens when it
memorizes its training data too well and can't go beyond that. It may be
possible to tell whether this is true by comparing its performance in testing
and training.

3. Result and Discussions:

3.1 Data Description: We employed time series models and Elman neural
networks to analyze crude oil production data spanning 372 months, from
January 1992 to December 2022.The data was obtain from
(https://countryeconomy.com/energy-and-environment/crude-
oil/production/iraq).Used EViewsl4 and MATLAB 14b software for

analyzing the data.

NNNNNNNNNNNNNNNNNNNNNNNNNNNNN
=S S S S S S S S S S S S S S S S S S S S S S S S S S S
HHHHHHHHHHHHHHHHHHHHHHHHHHHHH
~ S S > S S S S SN S S S S S SIS OSSN OSSN "S> OSSN ™SS SN ™YSN ™S > > >

Figure 3.1 Oil Production in Iraq during the year (1992-2022)

3.2 Steps for Applying EIman Neural Network

a. Test the data for Stationary

Time series stationarity may be assessed using a number of statistical tests,
one of which is the Augmented Dickey-Fuller (ADF) test. For a time series
to be considered stationary, its mean, variance, and autocorrelation must all

stay the same during the course of the data. Contrarily, statistical features of

DOI: https://doi.org/10.36325/ghjec.v21i1.18766.

A

{ 507


https://doi.org/10.36325/ghjec.v21i1.18766

Al-Ghary Journal of Economic and Administrative Sciences Vol. 21 (No.1) 2025 PP. 508- 526

)1y dualuakil] pdadl g i) e
2025 (1) 9o (21) adawo

a non-stationary series may vary over time due to cycles, trends, or other
patterns

Hypothesis Test:

Ho: The time series is non-stationary because it has a unit root.
H;i: The time series is non stationary because it does not have a unit root.
Table (1): Represent the ADF Test of Oil Crude Production

Test Test Statistic P-Value Critical Value
_ 1% :-3.448
Augmented Dickey-Fuller test | -0.986985 0.7589 50 : -2.860
10%:-2.5709

We are unable to reject the null hypothesis and come to the conclusion that
the time series is probably non-stationary because the p-value (0.7589) is
higher than 0.05 and the test statistic falls below the crucial thresholds.

b. Take the first differencing to achieve stationarity in the data:

This method is widely used to transform a non-stationary time series into a
stationary one. It involves subtracting the previous value in the series from
the current value. By doing so, the data series becomes stationary, helping to
remove trends or seasonal patterns.

First Differencing Steps:

1. Calculate the Difference: Compute the first difference using the
formula AY; = Y, — Y,_, for each time step t.

2. Assess Stationarity: Since the test statistic is lower than the critical
thresholds and the p-value is greater than 0.05 (0.7589), the null
hypothesis cannot be rejected, indicating that the time series remains
non-stationary.

3. Verify with ADF Test: After differencing, conduct the Augmented
Dickey-Fuller (ADF) test to confirm whether the series has achieved
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stationarity. The results of the first differencing test are presented in
the table below
Table (2): Represent the ADF Test of Oil Crude Production After First

Difference.
Test Test Statistic P-Value Critical Value
. 1% :-3.448
Augmented Dickey-Fuller test -9.621839 0.0000 506 - -2.869
10%:-2.5709

The null hypothesis is rejected since the test statistic (-9.621839) is more
negative than any of the essential values and the p-value (0.0000) is
exceptionally low. This provides strong evidence that the time series does
not have a unit root and is stationary.
c. Using train, testing, and validating for Appling ELMAN before and
after using Wavelet transform
The method would be a little different from the last example if you wanted
to use an Elman Neural Network (ENN) model before executing Wavelet
Transform. Rather than training the model after converting the data, you
would:

1. First, separate the data into sets for testing, validation, and training.

1. Before using the Wavelet Transform, train the Elman Neural Network.

Table (3) : Train, Testing, and Validating for Appling ELMAN before and after
using Wavelet transform

— - ) R R R R
(Training, Validation | Rati | \ior | ppsg | MA | Traini | validat | Testi | R | validatio
, Testing 0 E . All
ng ion ng n
1.02: 0.055677 | 0.5 0.96 | 0.969240
0, 0, 0,
(480,910, %10) | T2 | 00031 | @077 1 905 | 0053 | 09845 | 0.984 | O o
1.02: 0.097979 | 05 0.675 | 0.89 | 0.896998
0, 0, 0,
(480,910,910 | > | 0.0006 | OO0 "> | 09287 | oour | 0075 08 o
1.02: 0.065574 | 05 | 0.9532 0.964 | 0.95 | 0.836310
0, 0, 0,
(470,915, %15) | 0> | 0.0043 | %%823 ; 2% | ouas | 090 | 02 %
1.02: 0.076157 | 05 | 0.9138 0.960 | 0.93 | 0.953942
0, 0, 0,
(70, %15, %15) | T2 | 00058 | OO7SIST | OB | 09138 | g o767 | 0590 | O >
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o460 o620 %20) | HOF | qoor | OUBL6EZ | 08 [ 03900 "y oqny, [ 0985 | 05 [ 0980179
0470 o615 %15) | 102 | ooz | 0080990 | 08 [08T92 [ gqryy | 0975 | 097 | 0521734
o460 o620 %20) | 102 | qoo1s | 00055 | 05 [ 03675 |y g7, [ 0996 | 035 | 0954372
(480, %10, %10) | 107 | 09007 | 0027294 1 905 | 0 9987 | 0.99566 | 05 | 099 | 0991338
(460, %10, %10) | “irr | 00009 | 0019266 | 05 | 0.9954 | gggrps | 0997 | 029 | 0994507

The best model, based on MSE, is Row 15, where the training, validation,

and testing, all ratio is 80%, 10%0, and 10%0 respectively. This model shows

the best accuracy with the lowest MSE, the highest R?, and strong overall

performance across training, validation, and testing datasets.

d. The Structure of the ElIman Neural Network before using Wavelet

Transform:

A basic Elman network, in which data is fed directly into the network to learn

sequential dependencies, has the same structure as an EIman Neural Network

(ENN) prior to the use of Wavelet Transform. Importantly, the data is not

subjected to the Wavelet Transform before to being transmitted to the

network.

= 5

1

Output(t)

7

Figure 3.2: The Configuration of the Best ELMAN NN (1:2,15) for Oil Crude

Production
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[Reference: Researchers by (Matlab Software)]

The topology of an Elman neural network with certain parameters seems to
be defined by the model you are referring to, EIman Neural Network [1, 15,
1, 1]. The Elman Neural Network [1, 15, 1, 1] consists of one input unit,
fifteen hidden units, one output unit (single prediction), and one context unit
(for remembering prior time steps). Sequential data analysis and time series
forecasting are two examples of sequence-based jobs that employ this
arrangement to describe dependencies across time increments.

e. The regression plot generally has four graphs showing for the best
training:

The following figure demonstrates the usage of a regression plot to compare
the actual data used as targets with the predicted data used as outputs. The
standard format for a regression plot includes four graphs: training,
validation, test, and combined. That proved our neural network and

architecture is sound.

Training: R=0.99545 Validation: R=0.99725
o4 - - - =
=] Data | g

v =T

0,99 Target + 3 6e-05
Q

Qutput ~= 0.97Target + 0.0021
8

Qutput~=

aaaaaa Target

Test: R=0.99701

All: R=0.99581

= Data |
Fit

oz} ¥=7]

Qutput == Target + 0.00078
Qutput ~= 0.95*Target + 0.00018

o
Target

Figure 3.3: Regression Plots Displaying the EIman NN (1:2,15) for Oil Crude

Production data
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‘With a training R? score of 0.99092, the model was able to accurately
explain 99.09% of the variance in the training dataset. The model fits the
training data nearly perfectly when the R? value is high. An R? value of
0.9945 was used for validation purposes. To prevent overfitting and fine-
tuning the model's parameters, the validation dataset is used. An R? value of
0.9945 indicates that the model adequately accounted for 99.45% of the
variance observed in the validation data. This shows that the model has
efficiently learned the patterns and can apply them to new data without being
overfit. R? = 0.9940 on the testing dataset, which is used to evaluate the final
model's performance. After fitting the data, the model correctly accounts for
99.40% of the variance, as shown by the R? value of 0.99701. With its close
proximity to the validation R?, the model demonstrates its consistent and
reliable performance throughout the testing and validation datasets. Test,
validation, and training sets' combined R? values are 0.9916. An R? 0f 0.9916
indicates that the model satisfactorily explains 99.16% of the overall
heterogeneity in the dataset. If the number is high, it means the model is
doing a good job of capturing the data's underlying patterns and generalizing
effectively.

f. The time-series response plot for confirmed cases using Elman Neural
Network:

Elman NN's time-series response plot for validated instances is shown in the
figure below. Additionally, it reveals the exact start and end times of the
training, testing, and validation processes. EIman NN (1:2,15) shown to be
true in the test. The data was consistently mirrored by the model, as seen by
the modest errors in the training, testing, and validation subsets and the

uniformly dispersed outputs around the response curve.
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Figure 3.4: The Time-Series Response for the ELMAN NN (1:2,15) Model of Oil Crude

Production

g. Using train, testing, and validating for Appling ELMAN After using

(db3_1level 1)

Construct three subsets of your data first: testing, validation, and training. To

extract multi-scale features, apply wavelet transforms to the data using

db3_1 (level 1). The ElIman network uses the wavelet coefficients as input

characteristics, which include detail and approximation components. Make

sure the Elman network understands temporal dependencies from the

wavelet-transformed data by training it with the training set. During training,

keep an eye on the model's performance using the validation set, and modify

the hyperparameters to avoid overfitting. Test the model on the testing set

after training to see how well it generalizes. Lastly, evaluate the model's

performance using suitable measures like MSE or accuracy.
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Figure3.5: Wavelet not De-noise before ELMAN NN db3 level (1) Model of Oil Crude
Production

!l 'l!

' |

Figure 3.6: Wavelet with De-noise before ELMAN NN db3 level (1) Model of Oil
Crude Production

Use db3 (level 1) wavelet denoising to eliminate noise from the time-series

data on oil crude production. The Elman neural network model uses the
denoised  coefficients—which include detail and approximation
components—as clean input features. Utilize these properties to train the
Elman network to forecast oil crude production, improving accuracy by
reducing the influence of noise.

h. Using train, testing, and validating for Appling ELMAN After using
(db3_1)

To begin, divide the data into sets for testing, validation, and training. In
order to extract features from the time-series data, apply the wavelet
transform using db3 1 (level 1), paying particular attention to the
approximation and detail coefficients. Train the Elman network on the
training set using these wavelet coefficients as input. In order to adjust
hyperparameters and prevent overfitting, track performance on the validation
set during training. Lastly, test the learned model's prediction accuracy and
generalization using the testing set.

General Trends: Using a larger percentage of data for training (e.g., 80%

training and 10% testing/validation) tends to result in lower and more stable
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MSE, RMSE, and MAE values, suggesting that a bigger training set may
improve model performance.
Training-Validation-Test Split: While the model is typically robust across
splits, its performance is somewhat impacted by various data splits (e.g., 70-
15-15, 80-10-10, or 60-20-20).
Top-Performing Setups: Particularly on validation and testing sets, the rows
with the split of (%60, %20, %20) and the smallest MSE values (e.g., MSE

= 0.00021) typically have very high R-squared values (near 1), suggesting
outstanding performance.

In order to choose the optimal model, we should search for the model with the
lowest mean squared error (MSE) value. The model with the highest MSE
(0.00021) is the one that matches the row with the (%60, %20, %20) ratio
(1:02:03). This model's greater prediction accuracy isindicated by its lower mean
square error (MSE). It also exhibits excellent correlation and R? values, making

it the best option according to MSE.
I. The Structure of the ElIman Neural Network After using db3 1

After using the Wavelet transform with db3_1, the optimal Elman Neural
Network (NN) configuration has adjusted hyperparameters for improved
performance. By lowering noise and identifying important characteristics in
the data, the wavelet transform increases the accuracy of the network. For
the task at hand, this setup demonstrates enhanced generalization and

predictive ability.
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Table (4) : Train, Testing, and Validating for Appling ELMAN After Frist
level using Wavelet transform

1

Valiél':iilrr:lg%sting Reif hEl2 RhEIE A Traﬁling Vali(lj?ation Teging Aljl VaIiS;tion
(%70, %15 , %15) 1:02:01 0.004 0.06325 0.521 0.95441 0.97011 0.96946 0.954 0.941113
(%70, %15, %15) 1:02:02 0.0051 0.07141 0.5166 0.92906 0.98723 0.94056 0.941 0.974623
(%60 , %20 , %20) 1:02:03 | 0.00021 0.0146 0.5235 0.99785 0.99632 0.99834 0.998 0.992654
(%70, %15 , %15) 1:02:04 | 0.00074 0.02729 0.5245 0.99014 0.99217 0.99552 0.992 0.984401
(%60 , %20 , %20) 1:02:05 0.0021 0.04583 0.5234 0.97224 0.99411 0.98388 0.976 0.988255
(%70, %15 , %15) 1:02:06 0.0015 0.03873 0.5211 0.98235 0.9883 0.98746 0.984 0.976737
(%80 , %10 , %10) 1:02:07 | 0.00061 0.02473 0.5272 0.99602 0.99488 0.98347 0.993 0.989786
(%70, %15 , %15) 1:02:08 0.0018 0.04243 0.5272 0.99395 0.98455 0.92779 0.979 0.969339
(%80 , %10 , %10) 1:02:09 0.0047 0.06856 0.5311 0.94694 0.98952 0.9148 0.949 0.97915

(%80 , %10 , %10) 1:02:10 0.0056 0.07483 0.5263 0.92082 0.97962 0.98244 0.935 0.959655
(%80 , %10 , %10) 1:02:11 | 0.00053 0.02304 0.5224 0.99507 0.9929 0.99322 0.994 0.98585

(%80 , %10 , %10) 1:02:12 | 0.00081 0.02844 0.5268 0.98972 0.99427 0.99559 0.991 0.988573
(%80 , %10 , %10) 1:02:13 0.0013 0.03606 0.5221 0.98306 0.99844 0.99276 0.986 0.996882
(%60 , %20 , %20) 1:02:14 0.0018 0.04243 0.5234 0.97151 0.99022 0.99839 0.98 0.980536
(%80 , %10 , %10) 1:02:15 | 0.00052 0.02281 0.53264 | 0.99457 0.99473 0.99269 0.994 0.989488

Input(t)

Figure 3.7: The Configuration of the Best EIman NN After Wavelet of the
First Level (1:2,3) for Oil Crude Production [Reference: Researchers by
(Matlab Software)]

Input(t)

Hidden

o wl
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J. The regression plot generally has four graphs showing for the best

training:
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As shown in the figure below, a regression plot is used to compare the target
data (actual) with the projected data (outputs). Regression plots often include
four graphs: one for training, one for validation, and one for testing; and
finally, one for integrating all of them, following Wavelet at the first level.

Our neural network construction was confirmed to be accurate.

Training: R=0.99785

Validation: R=0.99632

Output == 0.8%Target + 00015
Output ~= 095 Target + 0.0005

TTTTTT

Test: R=0.99834

©  Data |
Fit

Output ~= 1*Target + 0.0037

Qutput ~= 0.99'Target +0.00057

o = 4 0.2 o
Target Target

Figure 3.8 : Regression Plots Displaying the EIman NN (1:2,3) for Oil
Crude Production After Wavelet First Level data

The overall objective of this analysis would be to use wavelet analysis and
neural networks in conjunction to anticipate future oil production or
comprehend the dynamics of production data. One might evaluate the
model's performance graphically with the help of the regression plots.

k. EIman NN Training Time-Series Response:

Elman NN's time-series response plot for validated instances is shown in the
image below. In addition, it reveals the exact intervals that are going to be
used for training, testing, and validation. The ElIman NN (1:2,3) test result is
shown. The data was accurately represented by the After Wavelet For First
Level model, as shown by the modest errors in the training, testing, and
validation subsets and the uniformly distributed outputs on the response

curve.
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Response of Output Element 1 for Time-Serie

Output and Target

Figure 3.9 : The Time-Series Response for the ELMAN NN (1:2,3) Model
After using Wavelet For First-level Oil Crude Production

I. Using train, testing, and validating for Appling ELMAN After using
(db7_2)

Through this process, the objective is to combine the strengths of the Elman
neural network (which models temporal dependencies) and wavelet
decomposition (which captures both long-term trends and short-term
fluctuations) to create a robust predictive model that can accurately forecast

future values of a time-series variable (such as crude oil production).

Omcompositon at vl 2« = a2 + a2 + 43
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Figure 3.10: Wavelet not De-noise after ELMAN NN db7 level (2) Model of Oil Crude

Production
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Figure 3.11: Wavelet with De-noise before ELMAN NN db7 level (2) Model of Oil
Crude Production

Table below provides an overview of various models for the Crude Oil
Production Series After Wavelet Second level. The optimal model is
determined as the one with the lowest values for these measures, including
MSE and R-square (Validation), in comparison to others. Validation of
residual randomness for the chosen model is carried out using Elman Neural
Networks, with After Wavelet.

Table (5) : Train, Testing, and Validating for Appling ELMAN After

second level usin Wavelet transform.
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2025 (1) 2 (21) adano
(il VEMEEE | 2 || (s || RS || W TrZini Vallijati TEsti R | validatio
Testing E E ng on ng All n
(%60 , %20 , %20) 1:0012: 0.0049 | 0.07 0522 0'9392 0.9439 0'9891 0'343 0.89095
(460,920, %20) | "7 | 00074 | 0390 | 0521 09588 | g ggegz | 0074 | 0903 |0 44466
(%70 , %15 , %15) 1:0032: 0.0017 0% 1 Oéiz 0.9786 | 0.98871 0317 ! O'é’fl 0.97755
@70, %15, %15) | o= | 000013 | Ot | %22 | 097 | ogogsy | 0008 | 0% | 090702
70,915, %15) | oo | 00025 | 005 | %2 | 091 | ooraes | O30 | OO | og3are
(%60 , %20 , %20) 15062: 0.0026 o.ggo 04%2 0'95’32 0.98851 O'gfg 0357 01 097715
(460, %20, %20) | O~ | 00032 | 050 | OSL | 05909 | 93y | 0297 | 0993 | 48005
(%60 , %20 , %20) 16082: 0.0014 02237 0%22 0'9340 0.99129 O'ff 0'283 0.98266
(%80, %10 , %10) 15092: 0.0026 o.ggo 05512 0'9; 471 0.95292 0'3581 ogg 2 | 0.90806
(480,910, %10) | "1 | 0009 | O34 | 053 1 09783 | g 5903 | 0954 | O8I | g 35007
(0480 9410 o610) | 102 | 000079 | 0078 | 052 | 03983 | g gggs | 0974 | 0990 | g7y,
(0460 o620 sz0) | LOZ: | 000064 | 0025 052 | 03950 | 0,56 | 0365 | 097 | gppeg
0470 o415, s15) | 102 | 000047 | O02L | 052 [ O93AL | gy | 0997 | 099 | g
0470, 9415 9o15) | 102 | 000032 | O0I7 | 052 (03968 | o gqrq | 0994 | 0996 | gy
(480, %10, %10) | "1 | 0.0015 | 0058 | 052 1 098101 g gg66e | 029 | 0283 | 099329

at this instance, the 70%-15%-15% split (as shown at 1:02:04) performs better
for generalization than other models. The training-validation-testing split ratio
selection has a substantial impact on model performance. To sum up, Model 4
(1:02:04) is the most precise and broadly applicable model.

m. Configuration of the Best ELMAN NN After Wavelet of the Second
Level of db7 (1:2,4):

In general, this term describes the setup of a time series forecasting model that
employs an Elman Neural Network trained on preprocessed data using a second-
level Daubechies (db7_2) wavelet transform. While the Elman NN uses
temporal dependencies to make precise predictions, the wavelet transform is

utilized to extract significant features from the data. The precise architecture or
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setup details for this model are described in the (1:2,4) section, but further

context is required to fully understand it.

Hidden

Output(t)

a

Figure 3.12 The Configuration of the Best ELMAN NN After Wavelet of
the Second Level of db7 (1:2,4) for Oil Crude Production[Reference:
Researchers by (Matlab Software)]

n. The regression plot generally has four graphs showing for the best
training (After using Wavelet):

As shown in the figure below, a regression plot is used to compare the target

data (actual) with the projected data (outputs). In a typical regression plot,

there are four graphs that display the best results: training, validation, testing,

and a combined result, following the second level of wavelets. This

supported the validity of our neural network architecture.

Training: R=0.99875 Validation: R=0.99851
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Figure 3.13: Regression Plots Displaying the EIman NN (1:2,4) for Oil Crude Production After

Wavelet Second-Level data
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0. Elman NN Training Time-Series Response (After using Wavelet):
Elman NN's time-series response plot for confirmed cases is shown in the
figure below. It further reveals the intervals used for testing, validation, and
training. According to the results, EIman NN (1:2,4). Results from the
training, testing, and validation subsets showed minor errors and an evenly
distributed response curve, suggesting that the After Wavelet For Second

Level model accurately portrayed the data.

Response of Output w1 for Ti S tes 1

Output and Target

AAAAAAAAAAAAAAAAAAAAAAAAAAA

Emor

50
Time

Figure 3.14:The Time-Series Response for the ELMAN NN (1:2,4) Model
of the After Wavelet For Second-level Oil Crude Production
p. Comparison between Elman Neural Network and before and after
using Wavelet transform:
To evaluate the impact of the wavelet, transform, we can compare the
performance of the ElIman NN before and after using wavelet preprocessing
using several common metrics.

Table (6): Using differ metric to comparison among the models

Metrics Before using Wavelet After Using Wavelet
ELMAN NN (1:2,15) db3_1(1:2,3) db7 2 (1:2,4)
Mean Square Error 0.0003712 0.00021 0.00013
Root Mean Square Error 0.019266551 0.0146 0.01149
Mean Absolut Error 0.5239 0.5235 0.5242
Training Time (s) R? 0.9909207025 0.9957046 0.99750156
Validation R? 0.994507563 0.9926535424 0.9970222201
Testing R? 0.9940289401 0.9966827556 0.9960239601
All R? 0.94381225 0.996004 0.9970821316
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In general, the EIman Neural Network performs much better when wavelet
transforms are used, especially when the db7 2 wavelet is used. While
without appreciably lengthening the training time, the db7_2 configuration
yields the greatest results on the majority of measures, including more
accurate predictions, a higher model fit (R?), and enhanced generalization to
unseen data.

4.Conclusion and Recommendations:

4.1 Conclusions

Based on the data analysis, we reached a set of conclusions as follows:

The Elman Neural Network's (ENN) performance is greatly improved by
applying wavelet transformations, especially the db7_2 wavelet, which
increases the ENN's predicted accuracy. Mean Squared Error (MSE) and
Root Mean Squared Error (RMSE) both drop significantly after applying
wavelet preprocessing methods like db3 1 and db7_2 to the data, suggesting
that the model's predictions are improved after preprocessing. An additional
metric for the model's ability to explain data variation is the R-squared (R?)
value, which is enhanced by wavelet modifications. R? values for the
validation and testing sets rise once wavelets are applied; db7_2 achieves the
greatest R2 across all three sets (training, validation, and testing), showing
that it fits the data better and can generalize to new data better. Here we see
how wavelet preprocessing improves the model's learning ability. Also,
training time is just slightly longer when the db7 wavelet is used, proving
that wavelet modifications hardly affect computing cost. The substantial
gains in model correctness, even with this little increase, more than
compensate for the additional processing cost. Wavelet preprocessing is a

crucial step in improving neural network performance since it decreases error
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metrics and increases R2 values. It improves the input data, which makes the
model more accurate and applicable to other situations. Wavelet
transformations improve the network's pattern- and relationship-detecting
capabilities by extracting useful features from raw input. Consequently, the
ENN experiences enhanced stability and convergence during training.
Because it strikes a good mix of precision and efficiency, the db7_2 wavelet
stands out as the best. When applied to ENN as a whole, wavelet
preprocessing proves to be an effective method for enhancing deep learning

models.

4.2 Recommendations
Based on the conclusions, we got a set of recommendations as follows:
1. Using wavelet transforms, especially db7 2, prior to training the Elman
Neural Network is advised due to the notable gains in MSE and RMSE.
The model is better able to identify both high- and low-frequency
patterns in the data thanks to this preprocessing phase, which produces
predictions that are more accurate.
i1.  Itisrecommended to give the db7 2 wavelet configuration priority when
preparing data for time series forecasting jobs because to its superior
outcomes (lowest MSE, RMSE, and greatest R?). Performance
enhancement and computational efficiency are best traded off with the
db7 2 wavelet.
1. Although the wavelet transforms clearly improve model accuracy, it's
vital to keep in mind that employing wavelet preprocessing could
marginally lengthen training times. The trade-off between enhanced

performance and computational expenses should be carefully considered
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for real-time applications or huge datasets. Alternatives such as db3 1
may be taken into consideration in these situations since they provide

better performance with less computational load than db7 2.
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