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Abstract. Actual statistics show that in recent years, more than 90% of the water distribution pipes installed
in the world are made of plastic, exclusively polyethylene (PE). Due to the extensive use of these materials,
it is necessary to have a good understanding of the mechanical properties of HDPE used for distribution
system piping. For our study, we selected HDPE pipes as the material of choice. We then took a new
approach to the analysis and prediction of mechanical properties, using new models based on Artificial
Intelligence. In this paper, experimental tensile tests were conducted to obtain the mechanical properties of
pipes. The first part of this work focuses on the mechanical tests, specifically tensile tests, while the second
part centers on the numerical procedure for predicting the mechanical characteristics, a deep learning model
was developed for prediction. The model was trained using a large dataset, including information on pipes.
Specially designed deep learning architectures capture complex relationships and patterns in the data, enabling
accurate predictions, Several ANN models were created to predict mechanical behaviour based on
experimental data. We analyzed Bayesian regularization using MATLAB, an advantage of BR artificial neural
networks is their ability to reveal potentially complex relationships. The results showed that the constructed
prediction model is satisfactory since the M.S.E. value is nearly 0 (0.00023) and the R? value is close to 1
(0.99934). This study evaluates the advantages of our methodology by demonstrating the predictive power
of an Al-based method and how well it predicts HDPE pipe behavior. The paper study will have significant
effects on the water distribution and plastics industries.
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1. Introduction

Plastics have become one of the main materials used in
various fields, among these materials we find polyethylene.
Since the 1950s, extensive research has been devoted to
analysing the characteristics of HDPE [1]-[5], This in-
depth study has led to a better understanding of the
material's mechanical, thermal, and chemical properties, as
well as its behavior under various environmental
conditions. In fact, polyethylene is recognised as one of the
most adaptable and cost-effective materials in the plastics
industry. In addition, it is recyclable and helps to reduce
the impact of plastic waste on the environment [0].
Polyethylene is used in different sectors, more specifically
we find the field of pipes for the manufacture of water and
gas distribution pipes as well. Its versatility and excellent
physical properties make it the material of choice for
piping systems. Polyethylene pipe has excellent resistance
to corrosion, abrasion, and chemicals, making it ideal for
transporting liquids and gases in a variety of environments
[7]. What's more, polyethylene is highly flexible, making it
easy to install and reducing labor costs, and for that reason,
polyethylene-based pipe replaced steel-based ones. High-
density polyethylene (HDPE) pipes are increasingly being
used in a variety of industrial and domestic applications [8]
due to their superior mechanical and chemical resistance
[9].

Predicting the mechanical behaviour of these pipes
under various loading conditions is a challenging task that
requires advanced simulation and modelling tools. In
recent years, it has become clear that artificial neural
networks (ANN) are powerful tools for the prediction of
material properties [10]—[13]. ANN, on the other hand, are
machine learning systems that can learn from data and
provide very fast and accurate prediction models for the
mechanical behaviour of HDPE pipes. To predict the
mechanical behaviour of new HDPE pipes under various
loading situations, ANNs can be trained using
experimental data sets.

Technological advances have taken the study of
materials to a new level, that of prediction. A large number
of artificial intelligence (Al) tools are used to analyse and
predict the behaviour of materials, and most of the time,
ANNSs are the most effective ones [14]. An ANN is a
technique that can be used to predict the performance of
plastic materials. Previous studies have proven that ANN
is an effective tool. This work presents a new formulation
for estimating the mechanical behaviour of HDPE (PE100)
pipes using an ANN. These models were generated based
on the results obtained during the experimental campaign.
In addition, this dataset is integrated into the ANN model
as input and target, and predictive analysis of the visits is
performed. The performance of the predictive model is
then tested. An ANN is described by a numerical structure
similar to a biological network as shown in Fig. 1, which
simulates basic features of the nervous system, such as
learning, pattern classification, and data processing [15].
The model has been developed with easily obtainable

prediction parameters. A brief description of the main
features and functionalities of ANNSs is presented, the
methodology is described in detail, and the process of
training ANNs and its use to generate the database for the
development of the analytical formulation with non-linear
regression is described.

ANNs are machine learning models used to perform
classification, prediction, and function approximation
tasks. MATLAB, an integrated development environment
(IDE) widely used in engineering and science, also
provides functionality for implementing and training
ANNSs. Using ANNs with MATLAB provides a complete
environment for designing, training, and evaluating neural
networks. MATLAB simplifies the development process
and enables in-depth analysis of results thanks to its
advanced features, several researchers and engineers are
using this software to predict different parameters for
different materials [16]—[21].

To the best of knowledge, no study has predicted the
mechanical strength of HDPE pipes using ANNs based
on experimental tests. On this topic, in the present work,
we will investigate the optimal ANN model to predict the
mechanical behaviour of HDPE pipes of PE100 grade
from an experimental database. This paper explores the
use of ANN models to predict the mechanical behaviour
of HDPE pipes. The advantages and limitations of this
technique will be discussed and their potential for
improving the design and functionality of HDPE pipes
will be highlighted.
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Fig 1. a) Biologic neurons; b) Artificial neurons.

The main contribution of this approach is to help
operators in the drinking water network installation
industry take the necessary precautions and reduce
product losses within the industry.
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Table 1. Mechanical and thermal properties of HDPE.
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Properties  Density Fusion Crystallinity ~ Stress at Elongation  Poisson Yong's
temperature failure at fracture ratio module

Units g.cm™3  °C % MPa % MPa

HDPE 0.941 a 118 2 146 60 a 80 26240 2021000 0,402 0,45 600 - 1500
0.965

LDPE 0.915a 1052115 <40 8a15 150 2 1000 0,422 0,48 200 - 300
0.935

MDPE 0.93 1252128 40 a 60 18228 20021200 0,4220,47 172-379
20.945

2. Materials Table 2. Properties of HDPE pipe.

PE is defined as a linear polyolefin obtained by the ~ Properties  Density Yong's Poisson
radical polymerisation of ethylene, and the three main (g.cm™3) module ratio
families of PE are defined essentially in terms of density:

@) low (LDPE), (i) medium (MDPE), and (i) high (MPa)
(HDPE). HDPE is a linear polyethylene with a density of ~{ ,es 959 1100 0.44

0.941 to 0.965 g/cm3 the details shown in Table 1. Over
90% of PE production is used in the four main
applications of films, sheets, moulded products, and pipes.
Amongst a wide range of applications, pipes are used in
the agricultural irrigation and petrochemical industries to
build networks for transporting pressurised liquids such as
drinking water and natural gas. This data informs us of the
development of PE as a potential alternative to metals and
similar materials for special technical applications in the
manufacture of spatre parts, machinery parts, and coatings.

Figure 2 shows the HDPE pipes - class PE100. These
high-density polyethylene resins are processed into pipes
and assemblies to build natural gas and water transmission
and distribution networks in Mediterranean, rural, and
urban areas. According to statistics, most of the newly
installed pipeline systems for gas and water supply in the
world are made entirely of PE. The reasons for this choice
are lightness, flexibility, price, ease of installation and
maintenance, and resistance to aggressive substances.
According to ASTM D 3350, plastic pipes (PE) can be
classified according to their long-term performance,
density, stress cracking resistance, melt index, flexural
modulus, pigment stabilisers and ultraviolet stability.
PE100 is more efficient than other PE grades, such as
PESO (PEMD), the latter being the most flexible and
suitable for the manufacture of small-diameter pipes and
other specific applications. Table 2 shows the properties
of HDPE pipes-class PE100.

Fig. 2. Pipe of PEHD (PE100).

3. Specimen Preparation

The samples used in this study are taken from HDPE
pipes with a blue stripe for drinking water supply, which
are PE100 class with 40 mm outer diameter and 2 mm
thickness. The shape of the sample was chosen in
accordance with ISO 6259-3 [22], Fig. 3. The type of test
specimen used illustrated in Fig. 4. To ensure that the
molecular chains of the HDPE in the tube are oriented
consistently in all formats, the orientation of the sample is
the primary directional chain of the HDPE.
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Fig. 3. Number of specimens studied.
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Fig. 4. Shape of the HDPE-PE100 pipe specimens.
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Fig. 5. Tensile test of the specimens of HDPE-PE100
pipes—a) Test start; b) Extension; c) fracture.

4. Experimental Procedure

Tensile testing is a mechanical procedure for determining
the tensile strength of materials [17], [23]—[25]. It involves
subjecting a material sample to a tensile force until it
breaks. To determine the tensile strength, yield strength,
strain resistance, and ductility of the material, data
collected during the experiment can be used. The standard
method for performing a tensile test on HDPE pipes is
ISO 6259-3 [22], which specifies the test conditions, the
equipment required, and the procedures for performing
the test.

The experimental tensile test platform includes a test
set-up involving a ZWICK/ROELL Z020 Instrument, 40
samples of HDPE pipes, equipment for attaching the
sample to the tensile test set-up, and a data acquisition
system for recording the test results, a CTPC mechanical
laboratory.

The samples of HDPE pipe are typically cut at 25 mm
as given in Table 3. Then, as shown in Fig. 5, it is fixed to
the traction-testing device's two ends and put under
traction pressure until it breaks. To determine mechanical
characteristics such as the traction resistance, elastic limit,
and ductility of the PEHD tube, the data gathered
throughout the experiment may be used.

Table 3. Dimensions of the HDPE-PE100 pipe specimens.

Description Dimensions
(mm)

Total length 115

Width at extremities 25+-1

Length of narrow part, with parallel 3340

sides

Width of the narrow part, with 6404

parallel sides

Small bending radius 14+-1

Large radius of curvature 25+-1

Length between reference marks 25+-1

Initial distance between the clamps 80+-5

Thickness Its specimen
dependence

5. Numerical Procedure
5.1. ANN Technique

Since its creation, artificial intelligence (AI) has
demonstrated that it can be applicable to a wide range of
sectors not necessarily related to computing. Among the
most important usages are medicine [26], security [27], [28],
education [29], Photovoltaic [30] and materials science
[31], [21], [32]. Modern machine learning algorithms, such
as ANNs, have been successfully used in numerous system
modeling fields in recent years [33]-[36]. ANN is a
mathematical model that is based on the biological
organisation of neurons and the architecture of the brain.
In a multi-layer neural network, the perceptron (the basic
unit that constitutes an ANN) is structured hierarchically
in layers. A layer is a set of unconnected neurons that
receive input from the same source (external or other
layers) and send their information to the same destination
(other layer or external) as shown in Fig. 6. Therefore, we
can distinguish between three types of layers [37]. Input
layers that receive data from outside, a hidden layer is a
layer whose inputs and outputs are inside the system and
thus have no contact with the outside world. Finally, an
output layer sends the network's response.

In the field of materials science, various artificial
intelligence techniques have been developed to perform
various types of analysis or prediction of the
characteristics and behavior of industrial components and
materials [38]—[44].

In this article, we developed an ANN architecture
specifically designed to solve our problem. The aim is to
use the machine learning capabilities of ANNSs to predict
the tensile strength of HDPE pipes by analyzing the
dataset. The ANN architecture developed has been
optimized using Matlab as the software utility. Because the
dataset is small, a single hidden layered ANN design has
been implemented for this study, making it
computationally less difficult and easier to train. In other
words, a single hidden layer simplifies the network,
activation functions induce nonlinearity, and an effective
training method is required for changing weights to reduce
mistakes during training. A few investigations have shown
that a single hidden layer can capture the required patterns
and connections in data in various scenarios [45].

The choice of activation functions affects the
network's capacity to simulate complicated, nonlinear
interactions. The tan sigmoidal and purelin functions have
been utilized in the current investigation for the hidden
and output layers, respectively. In the current study,
the dataset is divided into 70% training and 30% testing
subsets. Even if the dataset is limited in scope, the quality
and relevancy of the data are crucial. Preprocessing data
ensured that the model could learn meaningful patterns
from the supplied data, resulting in improved
generalization and performance [40].

Figure 6 shows the ANN architecture developed for
this study. The Bayesian regulatization-based (BR) model
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is trained using experimental data during the initial training
step. After the model training was completed, 30% of the
data was utilized to validate the trained model during the
testing step. As illustrated in Fig. 6, the network is divided
into three layers: input, hidden, and output. Figure
6 depicts the proposed neural network design with "tansig’
and 'purelin' functions, The "tansig" function is used to
introduce non-linearity and model complex relationships
between input and output variables, the function is shown
in Eq. (1) [47]. In addition, the "purelin" function is used
for linear prediction where the output is a continuous
estimate without nonlinear transformation, the function is
shown in Eq. (2) [47]. The experimental data was utilized
to  choose the variables needed for the
computational investigation, which were later used for ann
modeling. Tensile strength is predicted using the
suggested ANN model. Using experimental data, elements
such as strain speed, density, thickness, width, and force
were examined as inputs for model building.

2

tansig(n) = Tre-n 1 )

purelin(n) = n )

where n is the function input.

The developed ANN model was trained using the
Bayesian  regularization backpropagation technique;
Bayesian regularization (BR) is a powerful technique with
a lower mean square error than other algorithms for
function approximation problems. The Bayesian
framework for neural networks is based on the
probabilistic interpretation of network parameters [48]—
[50], the model wasverified and evaluated using
experimental data samples later.

The algorithm with the highest coefficient of
determination (R?) and the lowest mean square error
(MSE) value was selected as the best algorithm. For the
five input parameters and one output parameter
considered in the study, the R? and MSE values were
determined using the following mathematical Eq. (3) and
Eq. (4) [51]: o
h—v&)?

RZ - 1 B ‘1(11 (yéwg, a— ytiz)z (3)
1 . .
MSE = —31%1 (% = Ya)? “

(13 2 (13 »
where “y,” represent the actual value, “y,,” represents the
predicted value, “Ygyg q 7 tepresents the average of actual
value, and “m” represents the total number of samples.

6. Results and Discussion
6.1. Experimental Results

In this study, the results of tensile testing of 40 HDPE
pipe samples are presented, followed by the results of

DOI:10.4186/¢j.2023.27.12.37

mechanical property prediction using ANN techniques.
Tensile tests provide valuable information about the
mechanical properties of the material under investigation.
The variability of the results highlights the importance of
taking into account the variability of mechanical properties
when designing and using such materials in practical
applications.

Tensile strength at yield for the HDPE pipes is one of
the most widely used parameters for comparing the
strength of different materials and is measured in tensile
tests. It gives the force required to bring the sample to
failure as shown in Table 4. However, the mode of rupture
of plastics is very different from that of metals.

The experimental work is carried out as shown in Fig.
5. Table 4 presents a typical set of data from the
experimental results. The variables included in this table
have an important impact on the HDPE pipes grade
PE100's tensile strength. Sample size, temperatutre, and
stress loading rate are the order of the process parameters
that affect the tensile strength.

input

Hidden \

10)

Outpm

Fig. 6. ANN architecture of the proposed model.
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Table 4. Result of experimentally measured tensile strength.

Samples  The strain Density Thickness Width Tensile Force
speed mm/min  kg/m3 (mm) (mm) strength N)
(MPa)

1 100 959 2.37 5.70 27.6 365.000
2 100 959 2.15 5.75 29.0 358.773
3 100 959 2.18 5.67 36.8 453.860
4 100 959 2.35 5.70 325 435.067
5 100 959 2.30 5.77 26.9 356.959
6 100 959 2.34 5.66 27.7 366.591
7 100 959 2.40 5.72 34.3 470.426
8 100 959 2.33 5.74 33.7 449.976
9 100 959 2.39 5.74 29.8 406.964
10 100 959 2.30 5.74 24.6 324.964
11 100 959 2.14 5.76 37.9 466.831
12 100 959 2.23 5.67 36.4 459.079
13 100 959 2.09 5.70 38.2 454.330
14 100 959 2.18 5.66 35.0 430.548
15 100 959 2.24 5.60 321 402.280
16 100 959 2.25 5.60 39.0 484.140
17 100 959 2.15 5.70 32.9 401.785
18 100 959 2.15 5.64 31.5 381.665
19 100 959 2.08 5.73 35.9 428.173
20 100 959 2.36 5.68 22.7 264.701
21 100 959 2.20 5.60 33.6 413.660
22 100 959 2.05 5.65 39.4 456.441
23 100 959 2.35 5.64 28.8 381.731
24 100 959 2.30 5.60 27.2 350.197
25 100 959 2.15 5.66 39.3 477.617
26 100 959 2.17 5.66 32.8 402.577
27 100 959 2.40 5.62 36.9 497.408
28 100 959 2.08 5.65 39.0 458.519
29 100 959 2.27 5.59 39.8 505.126
30 100 959 2.30 5.60 37.1 476.660
31 100 959 2.03 5.55 33.8 380.279
32 100 959 2.38 5.49 30.1 392.714
33 100 959 2.30 5.70 29.3 384.138
34 100 959 2.08 5.72 32.6 387.470
35 100 959 2.40 5.70 35.6 487.578
36 100 959 2.19 5.54 35.4 428.239
37 100 959 2.24 5.60 36.8 461.949
38 100 959 2.25 5.65 30.0 381.500
39 100 959 2.38 5.63 35.5 474.120
40 100 959 2.35 5.61 35.1 462.246

Tensile tests on HDPE pipes show solid tensile
strength, confirming the excellent mechanical properties
of this material. It can be said that HDPE pipes have a
higher tensile strength than other types of pipes, due to
their linear molecular structure and high density. Test
results have shown that HDPE pipes are capable of
withstanding considerable loads without permanent
deformation or breakage. This superior tensile strength
enables HDPE pipes to be used in applications requiring
high reliability and robustness, such as drinking water

42

pipelines. The tensile test results confirm that HDPE
pipes have good tensile strength, making these pipes ideal
for many applications requiring reliable mechanical
properties.

6.2. Prediction Results

In this section of this paper, we put the previously
proposed algorithms into practice by applying them to
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experimental data in Table 4 to predict the tensile strength
of HDPE pipes.

The prediction results highlight the model's
performance and allow an in-depth assessment of its
accuracy. Figure 7 depicts a summary of Regression graphs
throughout the training, testing, and validation stages of
the ANN model training process. An overall R? score of
0.99934 was found for the training data samples. The total

R? value is close to 1.0, indicating that the results are good.

Notably, the R? value at each step is near 1.0, as shown in
Fig. 7, with values of 0.99962, 0.99965, and 0.99801 for
training, validation, and testing, respectively. Table 5
illustrates the model performance during the training of
the ANN model.

Training : R=0.99962 Validation : R=0.99965
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Fig. 7. Regression plots during the training process.

Figure 8 is an error distribution figure that depicts the
error values, which are the differences between the desired
and anticipated values, which means that [error = targets
— outputs|; the plot created displays an error histogram.
After ANN training, the errors are measured on the
horizontal axis, whilst the instances, i.e., sample values
from the dataset, are quantified on the vertical axis. A line
with dots denotes zero error.

Table 5. Model training performance values.

Epoch 0 78 999
Elapsed Time - 0:00:01 -
Performance 6.44 0.00023 0
Gradient 11.7 1.72E-04 1.00E-07
Mu 0.005 5.00E+10  1.00E+10
Effective #

Param 51 13.6 0

Sum Squared

Param 131 3.89 0
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Fig. 9. ANN model best performance plot.

Figure 9 depicts a relationship between Mean Squared
Error (MSE) and Epochs. At epoch 40, the validation plot
achieved the best validation performance, with a minimal
MSE value of 0.00023. Furthermore, unused sample data
samples were chosen from experimental data for
prediction. The strain speed, density, thickness, breadth,
and force data were afterward used as inputs by the
constructed ANN model to estimate tensile strength.
Figure 10 depicts the plot of the actual tensile strength vs
the tensile strength values. As demonstrated visually in Fig.
10, the plot reveals reasonable agreement between actual
and anticipated data values.
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7. Conclusion

In summary, this paper explores the use of ANNs to
predict the mechanical properties of high-density
polyethylene (HDPE) pipes. The results obtained show
that ANNs can be an effective technique for predicting
the mechanical properties of HDPE pipes. In the present
study, predictions of the mechanical properties of HDPE
pipes are made. The Following conclusions were obtained:
- The tensile strength modeling of HDPE pipes

obtained with a trained ANN closely matches the
experimental results, making neural networks a very
favorable model for predicting the mechanical
behavior of plastic pipes. Artificial intelligence
methods can be used to correctly predict the
mechanical behavior of plastic pipes. Unlike the usual
modeling methods, the discovered model does not
require exact equations.

- Itshould be noted that the results obtained depend on
the quality of the input data and the proper design of
the neural network. Therefore, further research is
needed to improve the performance of ANNs in
predicting the mechanical properties of HDPE pipes,
optimizing network parameters, and expanding
training datasets.

- Future perspectives for this study include improving
the performance of ANNs by using more advanced
architectures and exploring more sophisticated
learning techniques. The integration of additional data
such as  specific manufacturing  conditions,
environmental data, and material properties could
improve the accuracy of predictions.

Applying the appropriate machine learning algorithm

model not only improves the accuracy of product quality

prediction but also reduces development time and costs.

Future research could develop a more accurate
prediction model by including significant input
characteristics, and then assess the differences between
artificial intelligence-based models and standard methods.
The lifetime of pipes can be predicted over time with the

use of predictions about the mechanical behavior of
HDPE pipes.

Acknowledgment

The authors express their gratitude to the Centre
Technique des Plastiques et du Caoutchouc for their
invaluable support in the realization of this work, by
granting us access to their hardware equipment. We would
also like to thank the Artificial Intelligence, Machine
Learning, and Intelligent Network Technology Research
Unit Laboratory at the Faculty of Engineering,
Chulalongkorn University, Bangkok, Thailand, for its
essential contribution to the numerical prediction part.

References

[1] R.W.Lang, A. Stern, and G. Doerner, “Applicability
and limitations of current lifetime prediction models
for thermoplastics pipes under internal pressure,”
Die  Angewandte  Makromolekulare  Chemie:  Applied
Macromolecular Chemistry and Physics, vol. 247, no. 1, pp.
131-145, 1997.

[2] A.]. Kinloch and R. J. Young, Fracture Bebhaviour of
Polymers. Applied Science Publishers, 1983.

[3] S.]J. Barton and B. W. Cherry, “Predicting the creep
rupture life of polyethylene pipe,” Polymer Engineering
& Science, vol. 19, no. 8, pp. 590-595, 1979.

[4] H. H. Kausch, “The nature of defects and their role
in large deformation and fracture of engineering
thermoplastics,” Pure and Applied Chemistry, vol. 55,
no. 5, pp. 833-844. 1983.

[5] M. B. Barker, J. Bowman, and M. Bevis, “The
performance and causes of failure of polyethylene
pipes subjected to constant and fluctuating internal
pressure loadings,” Journal of Materials Science, vol. 18,
pp- 1095-1118, 1983.

[6] M. Fatima Ezzahrae, A. Nacer, E. Latifa, Z. Abdellah,
I. Mohamed, and ]J. Mustapha, “Thermal and
mechanical properties of a high-density polyethylene
(HDPE) composite reinforced with wood flour,”
Mater Today Proc., vol. 72, pp. 3602-3608, Jan. 2023,
doi: 10.1016/j.matpr.2022.08.394.

[71 M. Zhou, F. Wang, Y. J. Du, and M. D. Liu,
“Performance of buried HDPE pipes — part II: Total
deflection of the pipe,” Geosynth. Int., vol. 24, no. 4,
pp- 396-407, Aug. 2017, doi: 10.1680/jgein.17.00010.

[8] SOTICI, “Documentation technique des tubes
PEHD SOTICI tubes polyethylene haute densite
pour ladduction d’eau potable—Documentation
Technique Et Preconisations De Pose,” 2017.

9] K. Q. Nguyen, C. Mwiseneza, K. Mohamed, P.

Cousin, M. Robert, and B. Benmokrane, “Long-term

testing methods for HDPE pipe—Advantages and

disadvantages: A review,” Eng. Fract. Mech., vol. 2406,

Apr. 2021, doi: 10.1016/j.engfracmech.2021.107629.

Y. T. Obaidat, W. Barham, A. T. Obaidat, and N. A.

A. Al-Khazaaleh, “Modeling of confined circular RC

columns using artificial neural network and finite

[10]

44 ENGINEERING JOURNAL Volume 27 Issue 12, ISSN 0125-8281 (https://engj.otg/)



[17]

[21]

element method,” Structures, vol. 40, pp. 74-87, Jun.
2022, doi: 10.1016/j.istruc.2022.04.018.

Y. El Asri, M. Ben Aicha, M. Zaher, and A. H. Alaoui,
“Prediction of compressive strength of self-
compacting concrete using four machine learning
technics,” Mater. Today Proc.,vol. 57, pp. 859—8066, Jan.
2022, doi: 10.1016/j.matpr.2022.02.487.

K. Jeong, H. Lee, O. M. Kwon, J. Jung, D. Kwon,
and H. N. Han, “Prediction of uniaxial tensile flow
using finite element-based indentation and
optimized artificial neural networks,” Materials &
Design, vol. 196, p. 109104. 2020.

S. Ramkumar, “Artificial neural network prediction
of ultimate tensile strength of randomly oriented
short glass fibre-epoxy composite specimen using
acoustic emission parameters,” Advanced Composites
Letters, vol. 24, no. 5, p.096369351502400504, 2015.

S. Dinesh and D. Brindha, “Experimental
investigation and prediction of copper slag
incorporated  self-compacting concrete  using

artificial neural networtk,” Structural Concrete, vol. 23,
no. 4, pp. 2464-2476, Aug. 2022, doi
10.1002/suco0.202100230.

E. F. Felix, E. Possan, and R. Carrazedo, “A new
formulation to estimate the elastic modulus of
recycled concrete based on regression and ANN,”
Sustainability (Switzerland), vol. 13, no. 15, Aug. 2021,
doi: 10.3390/su13158561.

N. B. Shaik, J. K. S. Sayani, W. Benjapolakul, W.
Asdornwised, and S. Chaitusaney, “Experimental
investigation and ANN modelling on CO> hydrate
kinetics in multiphase pipeline systems,” S¢. Rep., vol.
12, no. 1, Dec. 2022, doi: 10.1038/s41598-022-
17871-z.

R. V. Pazhamannil, P. Govindan, and P. Sooraj,
“Prediction of the tensile strength of polylactic acid
fused deposition models using artificial neural
network technique,” in Materials Today: Proceedings.
Elsevier Ltd, 2019, pp. 9187-9193. doi:
10.1016/j.matpr.2020.01.199.

N. B. Shaik, S. R. Pedapati, and F. A. B A Dzubir,
“Remaining useful life prediction of a piping system
using artificial neural networks: A case study,” Ain
Shams Engineering Journal, vol. 13, no. 2, Mar. 2022,
doi: 10.1016/j.as€j.2021.06.021.

N. B. Shaik et al., “Corrosion behavior of LENS
deposited  CoCtMo  alloy using  Bayesian
regularization-based  artificial neural network
(BRANN),” Journal of Bio- and Tribo-Corrosion, vol. 7,
no. 3, Sep. 2021, doi: 10.1007/s40735-021-00550-3.

U. Suparmaniam et al., “Valorization of fish bone
waste as novel bioflocculant for rapid microalgae
harvesting: Experimental evaluation and modelling
using back propagation artificial neural network,”
Journal of Water Process Engineering, vol. 47, Jun. 2022,
doi: 10.1016/j.jwpe.2022.102808.

N. B. Shaik et al., “Recurrent neural network-based
model for estimating the life condition of a dry gas
pipeline,” Process Safety and Environmental Protection, vol.

24]

[31]

[32]

[33]

DOI:10.4186/¢j.2023.27.12.37

164, pp.  639-650, 2022,  dot:
10.1016/j.psep.2022.06.047.

Tubes en matiéres thermoplastigues—Deétermination  des
caractéristiques en traction—DPartie 3: Tubes en polyoléfines,
ISO 6259-3, 2015.

F. Imaduddin, P. Sastra, W. W. Raharjo, P.
Wullandari, and R. Ridwan, “Effect of holding time
and temperature of hot pressing on tensile strength
of biodegradable plastic made of carrageenan,”
Mekanika: Majalah Iiniah Mekanika, vol. 21, no. 2, p.
2022, 2022, doi: 10.20961/mekanika.v19i1.64292.
A. P. Irawan, Adianto, and 1. W. Sukania, “Tensile
strength of car spoiler product based on ABS plastic
and rattan fiber epoxy composite materials,” in IOP
Conference  Series: Materials  Science and Engineering,
Institute of Physics Publishing, Jan. 2020, doi:
10.1088/1757-899X/725/1/012040.

A. V. Filippova, Y. A. Lopatina, and A. S. Sviridov,
“Study of the tensile strength of a polymer
composite material based on ABS-plastic and
impregnated in epoxy resin with different types of
hardener,” Journal of Physics: Conference Series, Aug.
2021, doi: 10.1088/1742-6596/1990/1/012015.

Y. Liu and V. Gopalakrishnan, “An overview and
evaluation of recent machine learning imputation
methods using cardiac imaging data,” Data (Basel),
vol. 2, no. 1, Mar. 2017, doi: 10.3390/data2010008.
Congressional ~ Researcj  Service,  “Artificial
intelligence and national security,” CRS  Report,
R45178, Nov. 2020.

G. Allen and T. Chan. “Artificial Intelligence and
National = Security.” 2017. [Online]. Available:
www.belfercenter.org

S. Hwang, “Examining the effects of artificial
intelligence on elementary students’ mathematics
achievement: A meta-analysis,”  Swustainability
(Switgerland), vol. 14, no. 20, Oct. 2022, doi:
10.3390/su142013185.

N. B. Shaik et al, “Artificial neural network
modeling and optimization of thermophysical
behavior of MXene Ionanofluids for hybrid solar
photovoltaic and thermal systems,” Thermal Science
and Engineering Progress, vol. 33, Aug. 2022, doi:
10.1016/j.tsep.2022.101391.

D. M. Fernandez, A. Rodriguez-Prieto, and A. M.
Camacho, “Prediction of the bilinear stress-strain
curve of aluminum alloys using artificial intelligence
and big data,” Metals (Basel), vol. 10, no. 7, pp. 1-29,
Jul. 2020, doi: 10.3390/met10070904.

Z. Yuan et al., “Predicting mechanical behaviors of
rubber materials with artificial neural networks,” Iz
] Mech.  Sc., vol. 249, Jul. 2023, doi
10.1016/j.ijmecsci.2023.108265.

P. C. Lazaridis, I. Kavvadias, K. Demertzis, 1. E.
Kavvadias, L. Iliadis, and L. K. Vasiliadis, “Structural
damage prediction of a reinforced concrete frame
under single and multiple seismic events using
machine learning algorithms,” Applied Sciences, vol. 12,

Aug.

ENGINEERING JOURNAL Volume 27 Issue 12, ISSN 0125-8281 (https://engj.org/) 45


http://www.belfercenter.org/

DOI:10.4186/¢j.2023.27.12.37

[34]

[42]

[43]

46

no. 8, p. 3845.
10.20944/ preprints202203.0188.v1.
I. B. Topgu and M. Saridemir, “Prediction of
mechanical properties of recycled aggregate
concretes containing silica fume using artificial
neural networks and fuzzy logic,” Comput. Mater. Sei.,
vol. 42, no. 1, pp. 74-82, Mar. 2008, doi:
10.1016/j.commatsci.2007.06.011.

S. H. Shin, S. G. Kim, and B. Hwang, “Application
of artificial neural network to predict the tensile
properties of dual-phase steels,” Archives of Metallurgy
and Materials, vol. 66, no. 3, pp. 719-723, 2021, doi:
10.24425/amm.2021.136368.

K. Upreti et al., “Prediction of mechanical strength
by using an artificial neural network and random
forest algorithm,” . Nanomater., vol. 2022, 2022, doi:
10.1155/2022/7791582.

S. Pyo, J. Lee, M. Cha, and H. Jang, “Predictability of
machine learning techniques to forecast the trends of
market index prices: Hypothesis testing for the
Kotrean stock markets,” PLoS Oune, vol. 12, no. 11,
Nov. 2017, doi: 10.1371/journal.pone.0188107.

Y. El Asti, M. Ben Aicha, M. Zaher, and A. H. Alaoui,
“Prediction of compressive strength of self-
compacting concrete using four machine learning
technics,” Mater. Today Proc.,vol. 57, pp. 859—866, Jan.
2022, doi: 10.1016/j.matpr.2022.02.487.

Y. EL Asti, M. Benaicha, M. Zaher, and A. Hafidi
Alaoui, “Prediction of plastic viscosity and yield
stress of self-compacting concrete using machine
learning technics,” Mater. Today Proc.,vol. 59, pp. A7—
A13, Jan. 2022, doi: 10.1016/j.matpr.2022.04.891.
A. D. D’Souza, S. S. Rao, and M. A. Herbert, “A
study of microstructure and mechanical properties of
friction stir welded joint of Al-Ce-Si-Mg aluminium
alloy plates and optimization cum prediction
techniques using Taguchi and ANN,” Mater. Today
Proc., 2023, doi: 10.1016/j.matpr.2023.04.125.

Y. El Asri, M. Ben Aicha, M. Zaher, and A. Hafidi
Alaoui, “Modelization of the rheological behavior of
self-compacting concrete using artificial neural
networks,” Mater. Today Proc.,vol. 58, pp. 1114-1121,
Jan. 2022, doi: 10.1016/j.matpr.2022.01.257.

N. V. Viet and W. Zaki, “Artificial neural network
model of the mechanical behaviour of shape
memory  alloy  Schwartz  primitive lattice
architectures,” Mechanics of Materials, vol. 183, p.
104680, Aug. 2023, doi:
10.1016/j.mechmat.2023.104680.

Z. Yuan et al.,, “Predicting mechanical behaviors of
rubber materials with artificial neural networks,” Iz

2022, doi:

[44]

] Mech.  Sa., vol. 249, Jul doi:
10.1016/j.ijmecsci.2023.108265.

K. K. Kee, B. Y. Lau Simon, and K. H. Yong Renco,
“Artificial neural network back-propagation based
decision support system for ship fuel consumption
prediction,” in IET Conference Publications, Institution of
Engineering and Technology, 2018. doi:
10.1049/¢p.2018.1306.

N. B. Shaik, S. R. Pedapati, A. R. Othman, and F. A.
B. Dzubir, “A case study to predict structural health
of a gasoline pipeline using ANN and GPR
approaches,” in ICPER 2020: Proceedings of the 7th
International ~ Conference on  Production, Energy and
Reliability. Singapore: Springer Nature Singapore, Oct.
2022, pp. 611-624.

M. Maiti, M. Sunder, R. Abishek, K. Bingi, N. B.
Shaik, and W. Benjapolakul, “Recent advances and
applications of fractional-order neural networks,”
Engineering Journal, vol. 26, no. 7, pp. 49—67, Jul. 31,
2022, doi: 10.4186/¢j.2022.26.7.49.

M. Dorofki, A. Elshafie, O. Jaafar, A. H. Elshatie, O.
A. Karim, and S. Mastura, “Comparison of artificial
neural network transfer functions abilities to
simulate extreme runoff data,” Infernational Proceedings
of Chemical, Biological and Environmental Engineering, vol.
33, pp. 39-44, 2012. [Online]. Available:
https:/ /www.researchgate.net/publication/267246
263

F. Burden and D. Winkler, “Bayesian regularization
of neural networks,” in Artificial Neural Networks:
Methods and Applications. Springer, 2009, pp. 23-42.
W. Daosud, K. Jatiyaboon, P. Kittisupakorn, and M.
A. Hussain, “Neural network based model predictive
control of batch extractive distillation process for
improving purity of acetone,” Engineering Journal, vol.
20, no. 1, pp. 47-59, Jan. 2016, doi:
10.4186/¢j.2016.20.1.47.

N. Amdee, K. Sonthipermpoon, C. Pongpattanasili,
K. Tamee, and C. Kritworakarn, “ANNs in ABC
multi-driver ~ optimization based on thailand
automotive industry,” Engineering Journal, vol. 20, no.
2, pp. 73-87, May 2016, doi: 10.4186/¢j.2016.20.2.73.
A. Tarafdar, N. C. Shahi, A. Singh, and R. Sirohi,
“Artificial neural network modeling of water activity:
Alow energy approach to freeze drying,” Food Bioproc.
Tech., vol. 11, no. 1, pp. 164-171, Jan. 2018, doi:
10.1007/s11947-017-2002-4.

2023,

—— O G

ENGINEERING JOURNAL Volume 27 Issue 12, ISSN 0125-8281 (https://engj.org/)


https://www.researchgate.net/publication/267246263
https://www.researchgate.net/publication/267246263

DOI:10.4186/¢j.2023.27.12.37

Srii IThssan is a passionate scientific researcher, currently in her second year of a PhD in engineering
sciences at the Higher Normal School of Technical Education Mohammedia, Hassan II University
of Casablanca, Morocco. She obtained a bachelot's degree in mechanics-energetics at the ben m'sik
faculty of science in 2019. She then went on to obtain a technical mastet's degree in engineering and
physics of advanced materials at the Mohammedia faculty of sciences and techniques in 2021. Her
current research focuses on the ageing studies and modelling of plastic materials, development of
mathematical models for the prediction of different material behaviour. Srii Ihssan is interested in
materials, artificial intelligence, piping systems, predictive techniques, and material properties. Her
passion for research and commitment to innovation are the driving forces behind her academic and professional career.

Nagoor Basha Shaik is a Post-Doctoral Researcher in the Department of Mining and Petroleum,
and works in Artificial Intelligence (AI), Machine Learning(ML), and Smart Grid Technology
Research Unit, at the Faculty of Engineering, from Chulalongkorn University. He did his Ph.D. in
the Department of Mechanical Engineering, specializing in Al and ML applications - in the oil & gas
sector from Universiti Teknologi PETRONAS, Malaysia (2017-2021). He finished his M. Tech in the
Department of Mechanical Engineering (Specialised in Machine Design) from Jawaharlal Nehru
Technological University, Kakinada, India, in 2016. He completed his Bachelor of Technology in
Mechanical Engineering from Acharya Nagarjuna University, Guntur, A.P. in 2011. He worked as a
mechanical engineer in India from July 2011- Nov 2014 in India. He published more than 26 articles in good impact
factor journals. His area of interest includes materials, artificial intelligence, oil and gas pipelines, energy, sustainability,
piping systems, prediction techniques, manufacturing processes, engineering drawing, and material properties.

Mustapha Jammoukh is Research Professor in Mechanical and Industrial Engineering at the
Higher Normal School of Technical Education of Mohammedia, Hassan II University of Casablanca,
Morocco; Coordinator of the University Professional License in Industrial Engineering; Member of
the team of innovative and energetic materials within the laboratory of modeling and simulation of
intelligent industrial systems; Co-researcher at the Technical Center for Plastics, Rubber and
Composites, Casablanca, Morocco; Co-researcher at the Capgemini Engineering, Casablanca,
Morocco; National Ph.D. in science, technology, engineering, and sustainable development from the
Faculty of Science and Technology of Mohammedia, Hassan 11 University of Casablanca, Morocco
on the contribution to the experimental characterization and numerical modeling of the behavior of a composite material
based on bio-filler- Habilitation to direct research in mechanical and industrial engineering of the Faculty of Sciences
Ben M'sick, Casablanca, Hassan II University of Casablanca, Morocco on the contributions to the behavioral
characterization of innovative materials for sustainable development- University Certificate of Pedagogy, Hassan 11
University, Casablanca on improving the quality of university courses and higher education activities through reflection
and exploration of updated practices- Scientific and technical research work focused on the development of
biodegradable materials and recycled materials more environmentally friendly responding to the major preoccupation
of the industrial world and the growing societal demand. Taking a giant step forwatd in the development of "sustainable
materials", this work concerns the problems of materials of organic or inorganic, vegetable or animal origin, or hybrids.

Hamza Ennadafy is a State Engineer in Industrial Engineering and Logistics, Mechanical
Engineering from the Ecole Normale Supérieure de I’Enseignement Technique de Mohammedia,
graduating in 2020. Currently, he is in his third year of doctoral studies (Ph.D student)at the Signals,
Distributed Systems and Artificial Intelligence (SSDIA) laboratory, where he specializes in materials
science, particularly composite materials. His doctoral dissertation focuses on the physicochemical
study and characterization of bio-filled bio-composite materials of animal origin, using experimental
methods and numerical simulations.

El Farissi Latifa is a highly motivated and results-driven professional with over 20 years of
experience in the field of Material Engineering. She holds an Engineering degree in Industrial
Polymers from CNAM (Paris-France). Ms. El Farissi has honed her skills through various roles in
leading companies. She is currently the head of the R&D & Innovation department in the Technical
Center of Plastics and Rubber CTPC where she establishes and validates new activities and quality
control laboratories within the company, delivers technical assistance and works on certification
programs. She also works on research and development projects and supervises thesis projects. Ms.
El Farissi is dedicated to continuously improving her skills and knowledge by attending trainings in different topics
(metrology, laboratory techniques, plastic piping system. She is a strong communicator and team player, with a passion
for staying ahead of industry trends and delivering exceptional results.

ENGINEERING JOURNAL Volume 27 Issue 12, ISSN 0125-8281 (https://engj.org/) 47



DOI:10.4186/¢j.2023.27.12.37

Abdellah Zamma was born in taroudante on July 01, 1974, He received the Ph in Materials
Engineering from the Hassan 2 Univresity Morocco, in 2012. Currently a Professeur at Normal
Superior School of Technical Education (ENSETM), University of Hassan 2, Morocco. His research
interests Mechanical engineering, materials, Industrial engineering, His research interests Mechanical
engineering, materials, Abdellah ZAMMA is a former Production and Technical Manager within
Moroccan and Multinational Industrial structures. He is a COFREND accredited Inspector in Non
Destructive Testing. He is an accredited Inspector of Pressure Vessels at the Ministry of Energy and

Mines, Member of the Moroccan Welding and Pressure Vessels Association (AMS-AP).

48

ENGINEERING JOURNAL Volume 27 Issue 12, ISSN 0125-8281 (https://engj.otg/)



