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Artificial intelligence is the current trend in the world, which has taken the
opportunity to advance in all its fields, particularly in scientific research. In
materials engineering, the results obtained from classic methods such as
experimentation, homogenization methods, or finite element methods have
become input and validation elements for intelligent models to obtain more
effective results in an optimal time frame. In this article, we discuss the use
of artificial neural networks to determine the mechanical properties of
biocomposites, which are the subject of much research due to the advantages
they represent. The properties of these complex materials depend on various
parameters, such as the behavior of the constituent materials, the percentage
of the mixture, and the manufacturing process. In this work, our goal is to
predict how polypropylene behaves elastically when reinforced with 15%
various natural fillers. and we will study the impact of bamboo on
polypropylene to test and validate our model. By exploiting the results of the
Mori-Tanaka model, we were able to generate our dataset, with which we
feed our feedforward backpropagation neural network and demonstrate that
our biocomposite gained in terms of stiffness, marked by an increase in
Young's modulus to 550.3 MPa, with better performance validation and a
very good regression coefficient.
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1. INTRODUCTION

Bio-composites, also known as innovative materials, are increasingly attracting the attention of
contemporary researchers due to the numerous advantages they offer. Their growing popularity across
various sectors stems from their ability to provide superior properties compared to their individual
constituents, as well as their environmentally friendly nature, in line with the principles of sustainable
development. Despite their differences, industries such as automotive, aerospace, food processing, textiles,
and others are converging towards the use of bio-composites in their products. As a result, understanding the
mechanical properties of eco-composites has become an important area of study, particularly in the context of
this research. These properties are defined by various parameters and criteria, such as component
characteristics, manufacturing processes, and the percentages of matrix and reinforcement mixtures, among
others [1]. Selecting the appropriate bio-composite that meets precise specifications requires a deep
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understanding of its properties to ensure its proper application. Classical methods widely used by researchers,
such as experimentation, homogenization, and finite element analysis, have provided useful information but
are inherently limited compared to modern technologies. The homogenization method provides macroscopic
estimations of bio-composite properties, while the finite element method relies on simple representative
volumes [2]. However, the mechanical properties of bio-composites are influenced by numerous parameters
and exhibit highly complex microstructures.

In this study, we focus on the use of artificial intelligence to address the challenges and constraints
associated with determining the properties of new materials, particularly bio-composites, as mentioned
earlier. Specifically, we use artificial neural networks to predict how polypropylene behaves elastically when
reinforced with 15% various natural fillers. By employing a feed-forward backpropagation algorithm, we
train our network using the dataset generated by the Mori-Tanaka homogenization method to test and
validate our results. The analysis of these results demonstrates the reliability of the chosen artificial model
and highlights the adaptability and efficiency of artificial neural networks in solving complex problems.
Additionally, our findings underscore the effectiveness of bamboo as a reinforcement, as evidenced by the
significant improvement in the rigidity of polypropylene when loaded with this natural fiber compared to
pure polypropylene.

2. MATERIALS AND METHODS
2.1. Materials
2.1.1. Polypropylene

With an annual world production exceeding 10 million tons, polypropylene is ranked among the
most widely used polymers in various fields. It is characterized by low density, good flexural strength, and
compatibility with bio-fillers. It is also recyclable, inexpensive, and versatile [3]. This is why researchers
consider it a good candidate as a matrix to study and model the properties of biocomposites. The use of 85%
of this isotactic plastic reinforced by natural fibers is the theme of this study. Table 1 and Figure 1
respectively represent the mechanical characteristics and chemical structure of polypropylene.

Table 1. Mechanical and physical properties of polypropylene [4]

Properties Values Units
Specific heats, Cp 3100 J/IKg°C
Poisson’s ratio, 0.42
Elastic modulus, E 1034 MPa
Melt density, 0.7751 g/Cm?

Thermal conductivity, K 0.17 W/m°C

Polymerization CH3 CH3
HZC=({ ——)

CH—CH
CH I
3 CH3
n
Monomer of Propylene Polymer of Polypropylene

Figure 1. Polypropylene structure [5]

2.1.2. Bamboo fibers

Bamboo fibers are gaining attention from researchers due to the benefits of this uncommonly used
material. Bamboo is a renewable and fully recyclable material that has a cylindrical shape, is hollow, and is
separated by knots [6]. It is characterized by great rigidity and flexibility. Its growth is very fast, around
20 cm per day and 20 m in 6 months. It matures in 4 years but can be exploited after just one year of growth
[7]. Bio-composites from bamboo fibers are mainly used in the construction field, such as supports, and in
the automotive sector for veneers or parts such as steering wheels. Figure 2 shows a sample of different
breeds of bamboo.
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Figure 2. A sample of different bamboo [8]

More than 1,200 bamboo species have been identified worldwide and each species has its
mechanical properties. This difference is caused by the growth medium of the bamboo, its geometric shape
(diameter of the cylinder, the hollow ...), and others. The process of extracting fibers begins with choosing
clean stems that do not contain mold or dry portions. From the 35 cm long sections obtained by cutting
between the bamboo knots, the fibers are manually extracted and boiled in water for 5 hours and then dried at
100 °C in air [7]. Figure 3 shows the steps followed to obtain bamboo fibers.

Figure 3. The steps followed to have the fibers begin with choosing the agreed bamboo plant, cutting the
sections, then extracting the fibers. The fibers are then boiled, then dried [7]

2.1.3. Composite processing

To determine the mechanical characteristics of our new material and to study the effect of bamboo
fibers on polypropylene, these two components were mixed at 180 °C in an internal mixer (HaakeRheomix),
and for 10 minutes at a speed of 50 rpm. The rate of natural fibers was set at 15%, to then grind and dry the
fiber/PP mixtures. the biocomposite was molded in an injection machine at 200 °C (Krauss Maffei KM50 -
180 CX) [7].

2.2. Methods

Several factors can influence the determination of the mechanical characteristics of biocomposites,
yet even if we work under the same conditions, the methods used to calculate the properties of these new
materials, do not necessarily give the same results. Each method uses and is based on theorems and
assumptions very different from the others, this is what causes different outputs; however, research has been
able to show that this difference is approximate. Between experiment, homogenization, and finite element
methods there is a certain degree of error, and this is what makes the result even more relative. And the
difference is in the precision and also in the calculation time. Smart solutions have come to close this gap and
deliver more accurate results in minimum time. In this work, we will use the homogenization method and
more precisely the Mori Tanaka model to determine the elastic behavior of polypropylene loaded with
natural fibers. Using the results of this model, we will build a dataset from which we will feed an artificial
neural network to predict the elasticity of the biocomposite studied.

2.2.1. Dataset/Mori Tanaka’s model
Using the Mori Tanaka model in Figure 4, we calculate the modulus of elasticity of the different
biocomposites. By introducing Young's modulus of the polypropylene and that of the different bio fillers, we

Int J Elec & Comp Eng, Vol. 14, No. 6, December 2024: 6904-6912



IntJ Elec & Comp Eng ISSN: 2088-8708 a 6907

have as an output of this model the bio composites' Young's modulus. As a result, we were able to construct a
dataset in the form of a numerical table containing the different values of the inputs and outputs of the model
chosen. Mori Tanaka model is one form of the Eshelby solution [9].

Matrix properties Mean-field
homogenization

Homogenized
composite model
Fibre properties
| : o Matrix ‘ s ‘F.bm

Microstructure

Overall macro
composite properties

Lonpin orertarSa vormeracton

Figure 4. Mean field homogenization method [5]

2.2.3. Artificial neural network

Modeling a regression neural network requires several elements to be defined, such as the objectives
of this purpose, the dataset, the target, and others. As explained in the previous section 2.2.1, we used the
Maritanaka method to construct our dataset. This dataset will serve as input data in our artificial neural
network. In this article, we aim to predict the elastic behavior of biocomposites, specifically the elasticity of
polypropylene when it is loaded with 15% biocharge [10]. Therefore, a preliminary analysis of the input
elements was conducted in this regard to define the characteristics of the model to be studied. The dataset
derived from Mori Tanaka's model exists in digital format, indicating that convolutional neural networks
(CNNSs), which are designed for image processing [11], are not applicable. Instead, regression neural
networks (RNNs) will be employed. RNNs operate by preserving a layer's output and feeding it back to the
input layer to generate the layer's output. They consist of layers that allow information processing in both
forward and backward directions, as depicted in Figure 5.

“ Feed forward >

Outputs

< Back propagation |]

Figure 5. Operating principle of feed-forward backpropagation [12]

Feed-forward backpropagation (FFBP) is the most common and widely used architecture in
prediction based on a digital dataset. It has proven to be efficient and has given better results in diabetes
prediction, compared to other back propagation architectures [13], especially when it is trained with the
Leverbeg-Marquart (LM) algorithm. The LM algorithm represents the most efficient method to accurately
train the FFBP [14]. Therefore, and since we are dealing with a non-linear regression problem, the network
chosen is the FFBP trained by the LM.
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The chosen network then consists of three layers, its topology is in this form 2-h-1. The number 2
represents neurons in the input layer. Number 1 means that we have a single neuron in output. As for the
hidden layer (h), we tested it using several neurons ranging from 3 to 20. As a result of the test, we deduced
that the most optimal number of neurons that has the maximum performance is 15, hence the topology of our
network 2-h (15)-1 as shown by the architecture in Figure 6.

View Train Simulate Adapt Reinitialize Weights View/Edit Weights

Hidden Layer Output Layer
Input Output
W W S
/G} L ﬁ_). o0
2 - b B
15 1

Figure 6. The 2-h (15)-1 neural network studied

3. RESULTS AND DISCUSSION

After having introduced our dataset in the ANN, and after having trained it, the results appearing in
the training window are performance and regression plots. The first illustrates performance against the
number of iterations. Each of the entire training sets represents an era. At each epoch, the model adjusts the
weights automatically to gradually converge towards an optimal set of results. Several periods are often
compulsory before the top of the training.

Since the determination of mechanical characteristics is a regression problem, we choose the mean
squared error as the objective function, which is denoted mean squared error (MSE) [15]. The mean
difference between targets and results is known as the mean squared error, it represents one of the two
elements that indicate that the chosen smart model is performing. The second indicator is regression, which is
mainly used for validation of the model under study and justifies the link between objectives and results [16].
Our network is made up of two input layers which respectively represent the Young modulus of
polypropylene and bio charge, 15 neurons in the hidden, and one output layer which represents the Young
modulus of the biocomposite. Table 2 represents the parameters of the chosen network.

Table 2. Parameters of the network chosen
Data division Training Performance Calculations
Random (dividerand) Levenberg — Marquardt (trainlm) Mean squared error (MSE) MEX
Regression coefficient (R)

The activating function of these neurons is tansig. This activation function appears to be the best
compromise between the different activation functions, sigmoid, and linear [17]. This hyperbolic tangent
function is used to activate the network operation, and it is characterized as (1).

fG) = Tanh () = {15 — 1] M

The response data from the Mori-Tanaka model is used as input to the model chosen to train it to
predict the elastic behaviors of biocomposites. The data was grouped into different sets; 70% for training,
15% for testing, and 15% for validation. The artificial neural network (ANN) was trained through iterative
testing and error checking to minimize squared error while maximizing regression values [18]. To avoid
overfitting, there are several methods to follow to ensure that the model converges well. We can note the
cross-validation [19], the limitation of the number of neurons or the limitation of the training duration [20].
In our case, we used 15 neurons, thus a limited number, and in addition to that, in each training, we kept the
model and its characteristics, consequently, this allowed us to avoid overfitting [21]. Figure 7 shows us the
training state Data by the feed-forward backpropagation.
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Figure 7. Training state data of neural network

Using 1,000 repeated epochs of training, the mean squared errors (MSE) produced by the feed-
forward backpropagation and the regression are as shown respectively in Figures 8 and 9. The three curves,
test, training, and validation, follow approximately the same path and gave 15.72 as the best validation
performance at 7 epochs. The regression coefficient for polypropylene loaded with 15% bamboo fiber is
0.98, approaching 1, indicating the efficiency and effectiveness of our model [22].

Best Validation Performance is 15.7226 at epoch 7
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Figure 8. Validation performance

Figure 9. Regression analysis

We followed the regression of the three sets (training, validation, and test) used in the training of the
predictive model. Figure 10 shows that their regression coefficients converge towards 1, which further proves
that our network is performing well [23]. The correlation between the predicted values from our intelligent
model and the target values tends to 1 (0.98), which means that the relationship between these two variables
is almost linear [24]. So, our predictive model was able to follow the training and was able to give its output
almost identical values similar to those of the Target. Indeed, Figure 11 shows us that the two curves (target
and model output respectively) follow the same trajectory and that the difference between the two is almost
zero. Hence the accuracy of the response of our predictive model.
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Figure 10. Validation performance of train, validation, and test data
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Figure 11. Correlation between dataset values and the predictive values

The different Young's modulus of polypropylene, bamboo fibers, and our biocomposite are
represented in Table 3-which contains 85% of PP reinforced by 15% of bamboo fibers, obtained from Mori
Tanaka and the intelligent models. From this study, it was proven that the prediction of Young's modulus
using artificial intelligence gave an efficient result given that the error is minimal, and this with better
validation of performance [25].

Table 3 highlights an increase in the stiffness of 15% bamboo bio-filled PP, marked by an increase
in Young's modulus of 550.3 MPa compared to PP without bio-filling. This observation was expected, as the
stiffness of the bio-filler is higher than that of the PP matrix. The difference between the numerical values
and the results from the artificial intelligence tool is approximately 3.68 e-06, indicating satisfactory
accuracy.

Table 3. Different Young modulus studied
Material PP Bamboo Bio composite experience Bio composite Mori Tanaka Bio composite ANN
Young Modulus (MPa) 1034 14600 1572.9 1584.3 1584.299

4. CONCLUSION

In this article, we have proposed a feed forward back propagation which represents a form of the
Deep neural network method to predict the polypropylene loaded with natural fibers elasticity. Our Feed-
forward back-propagation trained by the LM algorithm can efficiently and accurately predict the elasticity of
the innovated material by feeding our network by dataset comprising different Young's modulus
corresponding to various bio fillers.
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This intelligent method is easy to use, and it has broad application perspectives in the modeling of
bio-composite materials. It might be noticed that only 85% of polypropylene has been treated as an
illustration of this smart method in this article. However, we can extend this method to determine the elastic
behavior of biocomposites at different mixing percentages. Furthermore, we can apply this proposed method
to calculate and determine other thermomechanical characteristics of biocomposites, we can cite the Poisson
ratio, the thermal conduction coefficient, the fatigue resistance, and doing all of this in the shortest amount of
time and with the least amount of error.

REFERENCES

[1]  A.Lakhdar, M. Jammoukh, L. Zahiri, K. Mansouri, A. Moumen, and B. Salhi, “Numerical and experimental study of the behavior
of PVC material subjected to aging,” 2020 1st International Conference on Innovative Research in Applied Science, Engineering
and Technology (IRASET), Meknes, Morocco, 2020, pp. 1-6, doi: 10.1109/iraset48871.2020.9091998.

[2] C. Nastos, P. Komninos, and D. Zarouchas, “Non-destructive strength prediction of composite laminates utilizing deep learning
and the stochastic finite element methods,” Composite Structures, vol. 311, May 2023, doi: 10.1016/j.compstruct.2023.116815.

[3] H. Essabir, B. Mohammed ouadi, D. Rodrigue, R. Bouhfid, and A. Qaiss, “Biocomposites based on Argan nut shell and a polymer
matrix: Effect of filler content and coupling agent,” Carbohydrate Polymers, vol. 143, Feb. 2016, doi:
10.1016/j.carbpol.2016.02.002.

[4] T. Jamnongkan et al., “Towards a circular economy: study of the mechanical, thermal, and electrical properties of recycled
polypropylene and their composite materials,” Polymers, vol. 14, no. 24, Dec. 2022, doi: 10.3390/polym14245482.

[5] A.Moumen, M. Jammoukh, L. Zahiri, and K. Mansouri, “Study of the optimal micromechanical behavior of a polymer reinforced
by snail shell particles using the Mori-Tanaka numerical model,” in 2020 IEEE International conference of Moroccan Geomatics
(Morgeo), 2020, pp. 1-6, doi: https://doi.org/10.1109/Morge049228.2020.9121908.

[6] P. Toussaint, “Application and modeling of the principle of prestressing on wooden structure assemblies,” (in French), Ph.D.
Dissertation, National School of Wood Technologies and Industries, Université Henri Poincaré, Nancy 1, French, 2010.

[71 P. N. Tri, A. Guinault, and C. Sollogoub, “Elaboration and properties of recycled polypropylene/bamboo fiber composites,”
Matériaux & Techniques, vol. 100, no. 5, pp. 413-423, Jun. 2012, doi: 10.1051/mattech/2011139.

[8] Lea, “Gardening files: Bamboos,” jardinature.net. https://www.jardinature.net/bambous.htm (accessed Jul. 29, 2021).

[91 X. Wang, K. Sun, J. Shao, and J. Ma, “Fracture properties of graded basalt fiber reinforced concrete: Experimental study and
Mori-Tanaka method application,”  Construction and Building Materials, vol. 398, Sep. 2023, doi:
10.1016/j.conbuildmat.2023.132510.

[10] A.Javadian, L. F. C. Smith, N. Saeidi, and D. E. Hebel, “Mechanical properties of bamboo through measurement of culm physical
properties for composite fabrication of structural concrete reinforcement,” Frontiers in Materials, vol. 6, no. February, pp. 1-18,
2019, doi: 10.3389/fmats.2019.00015.

[11] L. T. Nghia, Q. H. Anh, P. T. Tan, and N. T. An, “A hybrid artificial neural network - genetic algorithm for load shedding,”
International Journal of Electrical and Computer Engineering, vol. 10, no. 3, pp. 2250-2258, Jun. 2020, doi:
10.11591/ijece.v10i3.pp2250-2258.

[12] Z. Laabid, A. Moumen, A. Lakhdar, and K. Mansouri, “Towards the numerical implementation of neural network to predict the
mechanical characteristics of bio composites,” |IOP Conference Series: Materials Science and Engineering, vol. 1126, no. 1,
p. 12010, 2021, doi: 10.1088/1757-899x/1126/1/012010.

[13] R. Cerutti et al., “NAD+-dependent activation of Sirtl corrects the phenotype in a mouse model of mitochondrial disease,” Cell
Metabolism, vol. 19, no. 6, pp. 1042-1049, Jun. 2014, doi: 10.1016/j.cmet.2014.04.001.

[14] Z. Laabid, A. Moumen, and K. Mansouri, “Numerical study of the mechanical behavior of horn fibers reinforced a polyester using
a deep neural network,” International Conference on Research in Applied Mathematics and Computer Science, vol. 2021, 2021.

[15] C. Krittanawong, H. Zhang, Z. Wang, M. Aydar, and T. Kitai, “Artificial intelligence in precision cardiovascular medicine,”
Journal of the American College of Cardiology, vol. 69, no. 21, pp. 2657-2664, May 2017, doi: 10.1016/j.jacc.2017.03.571.

[16] S. Sapna, A. Tamilarasi, and M. P. Kumar, “Backpropagation learning algorithm based on Levenberg Marquardt algorithm,”
Comp Sci Inform Technol (CS and IT), vol. 2, pp. 393-398, 2012.

[17] 1. Bilski, B. Kowalczyk, A. Marchlewska, and J. M. Zurada, “Local Levenberg-Marquardt algorithm for learning feedforward
neural networks,” Journal of Artificial Intelligence and Soft Computing Research, vol. 10, 2020.

[18] Y. Zhang, W. Huang, C. Hayashi, J. Gatesy, and J. McKittrick, “Microstructure and mechanical properties of different keratinous
horns,” Journal of The Royal Society Interface, vol. 15, no. 143, p. 20180093, Jun. 2018, doi: 10.1098/rsif.2018.0093.

[19] S. Salman and X. Liu, “Overfitting mechanism and avoidance in deep neural networks,” arXiv:1901.06566, 2019.

[20] Z. Laabid, A. Moumen, K. Mansouri, and A. Siadat, “Numerical study of the speed’s response of the various intelligent models
using the tansig, logsig, and purelin activation functions in different layers of artificial neural network,” IAES International
Journal of Artificial Intelligence, vol. 12, no. 1, pp. 155-161, Mar. 2023, doi: 10.11591/ijai.v12.i1.pp155-161.

[21] P. Tubaro and A. A. Casilli, “Micro-work, artificial intelligence and the automotive industry,” Journal of Industrial and Business
Economics, vol. 46, no. 3, pp. 333-345, Jun. 2019, doi: 10.1007/s40812-019-00121-1.

[22] M. Fardioui, T. Guedira, A. E. K. Qaiss, and R. Bouhfid, “A comparative study of doum fiber and shrimp chitin based reinforced
low density polyethylene biocomposites,” Journal of Polymers and the Environment, vol. 26, no. 2, pp. 443-451, Feb. 2017, doi:
10.1007/510924-017-0955-z.

[23] X. Yu and W. Lou, “An exploration of prediction performance based on projection pursuit regression in conjunction with data
envelopment analysis: a comparison with artificial neural networks and support vector regression,” Mathematics, vol. 11, no. 23,
Nov. 2023, doi: 10.3390/math11234775.

[24] A. Lakhdar, A. Moumen, L. Zahiri, M. Jammoukh, and K. Mansouri, “Experimental and numerical study of the mechanical
behavior of bio-loaded PVC subjected to aging,” Advances in Science, Technology and Engineering Systems Journal, vol. 5, no.
5, pp. 607612, 2020, doi: 10.25046/2j050574.

[25] A. Moumen, Z. Laabid, A. Lakhdar, and K. Mansouri, “Prediction of the mechanical properties of polypropylene reinforced with
snail shell powder with a deep neural network model and the finite element method,” IOP Conference Series: Materials Science
and Engineering, vol. 1126, no. 1, Mar. 2021, doi: 10.1088/1757-899X/1126/1/012009.

Implementation of artificial intelligence in the prediction of the elastic characteristics of ... (Zineb Laabid)



6912 O3 ISSN: 2088-8708

BIOGRAPHIES OF AUTHORS

Zineb Laabid & B4 B8 © born in Mohammedia in 1990, she is currently pursuing her PhD at
the University Hassan Il Casablanca since 2020. Her research focuses on advancing the
numerical characterization of bio-based polymers using intelligent models. She has actively
contributed to both experimental and numerical studies of bio-based polymers, particularly in
understanding their behavior under aging conditions. He can be contacted at email:
laabid.zineb@gmail.com.

Abdelghani Lakhdar g 12 was born in Kelaa of Sraghnas in 1981. He is a PhD in
mechanical engineering and artificial intelligence at the University Hassan Il Casablanca,
ENSET Institute since 2021. His research is focused on contribution to the experimental and
numerical characterization of bio-based PVC subjected to aging and recycling. He can be
contacted at email: lakhdarabdelghanill@gmail.com.

Khalifa Mansouri © B B8 € porn in 1968 in Azilal, Morocco, he is currently a computer
science teacher and researcher at the ENSET Institute of Hassan 1l University Casablanca. His
research interests encompass e-learning systems and industrial systems, with a focus on
modeling, optimization, and numerical computing. He earned his diploma from ENSET
Mohammedia in 1991, followed by a CEA diploma in 1992. He completed his Ph.D. in
calculation and optimization of structures at Mohammed V University in Rabat in 1994,
obtained HDR (Accreditation to Supervise Research) in 2010, and earned a Ph.D. in computer
science from Hassan Il University Casablanca in 2016. He can be contacted at email:
zineb.medtaha@gmail.com.

Ali Siadat Bl 2 completed his Ph.D. in robotics and digital signal processing at
Institute National Polytechnique de Lorraine in France. Beginning his career as an associate
professor in computer and industrial engineering at Arts et Metiers ParisTech, he was
promoted to full professor in 2016 at the same institution. Since 2011, he has served as head of
the Applied Mathematics and Computer Engineering Department. He has also held positions
as a guest professor at various universities in China, Iran, Morocco, and Brazil. His research
focuses on artificial intelligence, information systems, knowledge formalization, and
operations research applied to manufacturing. He can be contacted at: hail.mouad@gmail.com.

Int J Elec & Comp Eng, Vol. 14, No. 6, December 2024: 6904-6912


https://orcid.org/0000-0001-8900-3141
https://www.scopus.com/authid/detail.uri?authorId=57355425900
https://orcid.org/0000-0002-3176-6901
https://www.scopus.com/authid/detail.uri?authorId=57216947055
https://orcid.org/0000-0003-2242-0973
https://orcid.org/0000-0002-8406-1892
https://scholar.google.com/citations?hl=id&user=V3XguCgAAAAJ

