Edelweiss Applied Science and Technology
ISSN: 2576-8484

Vol. 9, No. 4, 3082-3093

2025

Publisher: Learning Gate

DOI: 10.55214/25768484.v914.6738

© 2025 by the authors; licensee Learning Gate

Prediction by artificial neural network of insulation performance of eco-
treated cork stoppers: Experimental measurement, modeling and
optimization

Tayeb Kermezli**, Mohamed Announ', Aboubakr Boukrida', Mustapha Douani?

Materials and Environment Laboratory, Faculty Tech. Medea University, Algeria; kermezli.tayeb@univ-medea.dz (T .K.)
announ.mohamed@univ-medea.dz (M.A.) boukridaaboubakr6@gmail.com (A.B.)

2LLCVVE, Faculty Tech. Univ.HB, Chlef, Algeria; douani_mustapha@yahoo.com (M.D.)

Abstract: This study aims to predict by artificial neural networks (ANN) the improvement in mass
insulation of cork stoppers treated by high temperature thermal (HTT) and/or boiling. Experimental
tests have shown that the desorption kinetics are more favorable for smaller molecules Dgkcr < Dyacr.
The results validated the developed mathematical model, which accounted for the actual cylindrical
shape of the stopper, and quantified the improvement in apparent diffusion coefficients as a function of
the maximum temperature of the treatment cycle: Dioso<Daooe<Dssoe = Dasoe and the protocol type:
Da<Dg<Dec. The results revealed a positive correlation between temperature and the diffusion
phenomenon, with a significant influence observed up to 850 °C. Furthermore, to enhance the accuracy
of Dapp, the Bat Algorithm optimization method was applied, achieving a precision of the order of 107°.
An experimental database, composed of 3864 points, was previously optimized to be integrated into an
artificial neural network (ANN) model with a specific architecture (5-5-6-1). The model thus developed
demonstrated remarkable reliability, displaying a coefficient of correlation R* of 0.9997 and an
extremely low root mean square error (RMSE), evaluated at 7.38 x 107'%. These performances underline
the robustness and accuracy of the proposed model for the prediction of the studied phenomenon.
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1. Introduction

The study of fluid flow in heterogeneous and anisotropic porous media, such as cork stoppers,
highlights the importance of material management and selection for insulation purposes [1-37].
Traditionally, this management has focused on the mechanical requirements of the materials [47]. This
research concentrates on improving the insulation performance of cork stoppers through an eco-friendly
high-temperature and boiling treatment, to make them competitive with other polymeric materials [37.
Cork is primarily extracted from the bark of the cork oak (Quercus suber), from Mediterranean tree
species. This natural material has diverse applications in many industrial sectors, including the wine
industry (bottle stoppers [57), construction (thermal and acoustic insulation [6, 77), fashion (accessories
and footwear [87), and the manufacture of decorative items and everyday objects. Its versatility and
unique properties make it a sought-after renewable resource, meeting the demands of ecology,
sustainability, and innovation in these fields.

Cork is characterized by marked anisotropy, making it a highly complex material. Furthermore, it
exhibits a hygroscopic nature: its water content changes dynamically depending on humidity conditions,
temperature, environment, and soil properties, thus influencing its physicochemical properties [97].
These variations in water content can also affect its mechanical performance and long-term behaviour,
particularly in structural or insulation applications.
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Optimizing the properties of certain porous biomaterials, as well as their preservation, relies
primarily on chemical processes [107]. These methods also include high-temperature heat treatments,
which are increasingly important in the fields of thermal and acoustic insulation, particularly with a
view to energy efficiency and environmental sustainability. It should be noted that applying a high-
temperature heat treatment to a porous biomaterial, such as cork, induces significant changes in its
physical and chemical properties. These transformations give the material increased biological
resistance to decay, while potentially improving its mechanical properties and dimensional stability.
Furthermore, these heat treatments can also modify the microstructure of cork, reducing its porosity
and increasing its bulk density, which may influence its performance as an insulating material. These
modifications thus open up interesting prospects for the use of cork in innovative applications, while
meeting growing demands for sustainability and environmental friendliness.

The enhancement is quantified by determining the apparent diffusion coefficient (Dapp) for different
chemical species (NaCl or KCI) using conductometric methods [117] through various treatment cycles:
105°C, 200°C, 850°C, and 450°C, in contrast to other studies using pure water or gas [127].
Additionally, this study aims to extend the work of Seibert, et al. [187] and Brazinha, et al. [127] by
comparing the natural and treated states of cork.

The goal is to develop a competitive biomaterial for insulation by improving its mechanical
structure through various parameters, including treatment temperature, treatment protocol, and the
nature of the solution (NaCl and KCl) [17 as there are other parameters, such as the cork plantation
area, to consider [14, 157. By employing conductometric techniques, experimental results in transient
modes are calibrated using a developed mathematical model to determine the apparent diffusion
coefticient (Dapp), according to the algorithm in figure 1. It should be noted that the effect of the
treatment on cork is directly related to the value of Dapp. Given the numerous parameters influencing
the insulating properties of the material, the analysis is refined using an artificial neural network (ANN)
model, which will enable the prediction of various material properties without requiring new practical
experiments for each sample [167.
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Figure 1.
Organigramme de détermination du Dapp.
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2. Materials and Methods

Cork stopper samples were collected from the "EPE Jijel. Cork Waterproofing SPA", Skikda region
in Algeria. They were cut from the same cork slab in the same direction (tangential) and to the same
dimensions (Figure 2).

The samples were treated by boiling and/or high temperature treatment (HTT). The THT is under
inert gas (argon). A programmable furnace of the NABERTHERM type “MORE THAN HEAT 30-
3000°C” from the mechanical laboratory “Military Polytechnic School” in Bordj el-Bahri, Algiers,
Algeria was used, according to the cycles described in Figure 3, following the protocols specified
according to Table 1.

The structural modifications of cork were characterized by Fourier transform infrared spectroscopy
(FTIR), carried out in the materials and environment laboratory of the University of Medea [177] as
well as by scanning electron microscopy (SEM) using a Quanta 250 device from the FEI company,
available in the Scientific and Technical Research Center in Physico-Chemical Analysis EXPERTISE,
located in Bou-Ismail, Tipaza, Algeria [18, 197]. These techniques made it possible to obtain detailed
information on the chemical composition and surface morphology of cork, thus facilitating the analysis
of structural modifications induced by thermal treatments [20, 217.

Longitudinal

Figure 2.
Photo of the caps used.
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Figure 3.
Difterent THT cycles at different heating rates.
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Table 1.

Different variations of the experimental protocol.

Treatment Protocol A Protocol B Protocol C
Ist step Boiling THT THT
2nd step THT Boiling //

The conductimetric method was used to monitor the reduction in mass of the samples, while the
desorption kinetics were tracked through conductimetric analysis of aqueous solutions. Factors such as
treatment temperature, treatment protocol, and the nature of the diffusing species were considered for
each test.

2.1. Modeling

To model the diftusion through the lateral surface of the cylindrical sample simplifying assumptions
are adopted to facilitate the mathematical description of the phenomenon. This modelling is based on
the establishment of a mass balance of the diffusing chemical species (i) through a differential volume
element (dv) of the composite material. The mass balance is expressed after abstraction of any chemical
reaction as well as the negligible contribution of convection, the mass balance equation is reduced to:

(Accumulation term) = (Dif fusion term) (1)
who gives
deilre) 8eilrt) _F deilred]
ar inpp[ dr r dr ] =0 (Q)
The partial differential equation from the mass transfer balance is solved by adopting simplifying
assumptions, as well as boundary and initial conditions adapted to the geometry of the cylinder sample

characterized by a shape factor f=1. This approach allows the equation to be reduced to a system
expressed in cylindrical coordinates. The final expression of the diffusion model, taking into account the
real cylindrical shape of the sample, is given by:
me 4 (Digppt 172 Diapp.t 1 (Diappt 3/2
___( RZ ) R _m,_-E( B2 )
Where: m¢ is the mass of the substance released at time t, m«is the mass of the substance transferred
after complete desorption of the cork at infinite time, R is the radius of the stopper along the diftfusion
direction, and Diapp is the apparent diffusion coefficient of the chemical species.
The mass diffusivity Dx (cm?s) of the ion and cation X in water can be calculated using the Nernst-
Einstein equation [227:

T (3)

Mpe AT

For potassium chloride (KCl) : Dg+e=yp, 0 = RTEC_L—K— 6,689.1072T (4)
F JE'l._ JD
For sodium chloride (NaCl) : Dyq+cr-/m0 = fzc_—ﬁﬂ =5,403.107%T (5)
A Em"‘

Where: R = 8.3143 [J(mole.K)'] is the ideal gas constant, ¥ = 96488 Coulomb is the Faraday

constant, A% is the limiting equivalent conductivity of the anion and/or cation in water at 25°C, T is the
temperature of the water (in Kelvin), and Zx is the absolute value of the algebraic charge of the anion
and/or cation.

This observation confirms the findings of Langford, et al. [237] which highlight the significant
influence of molecular size on diffusion rates. More specifically, it highlights that the solute KCl, with a
smaller molecular size, has a higher diffusion rate than NaCl. This difference can be explained by the
smaller ionic radius of potassium (K*) compared to that of sodium (Na*), thus favoring an increased
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mobility of KCI in the diffusion medium [247. These conclusions are in perfect agreement with the
theoretical predictions described by equations 2 and 3, which confirm the inverse relationship between
the size of the ions and their diffusion rate.

2.2. Implementation of Artificial Neural Networks (ANN)

In this study, we developed a methodology to estimate the diffusion rate in cork under the
operational conditions detailed in the experimental section, employing a statistical approach based on
artificial neural networks (ANN). This predictive technique was chosen for its balance between
simplicity and efficiency, as highlighted by Zhang, et al. [257]. To achieve this goal, we constructed an
extensive experimental database comprising 3864 data points that encapsulate the primary operating
parameters. However, this size must meet the requirements of the theoretical relationships given by
Shalev-Shwartz and Ben-David [267] and Aggarwal [27].

The minimum database size required to train an artificial neural network (ANN) is estimated based
on the number of model parameters. The total number of parameters Nparam is given by:

Npm':zm = Efz_JJ_-{nz A ni+1::| + Ef:jni (6)
Where ni represents the number of neurons in layer i. A rule of thumb suggests that the database size
Ndata should satisfy:

N:mm =k x anmm (7)

With k generally between 5 and 10. This approach minimizes the risk of overfitting while ensuring
effective model generalization.

These parameters include the time, the the nature of the diftusing species, the treatment protocol,
and the maximum temperature of the thermal treatment (THT) cycle. This database will serve as a basis
for the design of an optimal ANN architecture by determining the most appropriate number of hidden
layers and neurons to accurately predict the apparent diffusion coefficient Dapp.

3. Results and Discussion

Figures 4 and 5 illustrate that the proposed model effectively captures the experimental behavior of
the reduced mass under the influence of various parameters, including the maximum temperature of the
thermal treatment cycle, the treatment protocol and the nature of the aqueous solution.

Figure 4 reveals a significant dependence of the apparent diffusion coefficient (Dapp) on the
maximum temperature of the thermal heat treatment (THT), particularly up to 850 °C. Beyond this
threshold, however, the temperature no longer exerts a measurable influence on the diftfusion kinetics of
the chemical species (NaCl), as evidenced by the convergence of Dapp values: D1ose<Dago><Dssoe = Dasoe.

This temperature-dependent behavior is further corroborated by the infrared (IR) spectroscopy
analysis presented in I'igure 6, which highlights the structural modifications induced by the thermal
treatment. Specifically, the observed shifts in peak intensities in the IR spectra provide direct evidence of
changes in the chemical structure of the material, consistent with the alterations in diftusion properties.

Additionally, the nature of the diffusing species (NaCl and KCl) plays a pivotal role in determining
the mass transfer rate, with the degree of influence directly correlated to molecular size of the chemical
species. This relationship is illustrated in Figure 5, where the Dka for KCI consistently exceeds that
Dnxaci of NaCl, reflecting the differential mobility of the two species.

Furthermore, the timing of the THT protocol—whether applied before or after boiling, or as a
standalone treatment significantly affects the mass isolation efficiency. As shown in the corresponding
figure, the protocol involving THT prior to boiling (Protocol B) yields the highest Dapp value, with the
tollowing hierarchy: Dg > D¢ > Da. These findings underscore the critical importance of optimizing
treatment protocols to achieve enhanced mass transfer performance.
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Validation of the diffusivity model with experimentation under the
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Validation of the diffusivity model with experimentation under
the effect of the nature of the solute.
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Figure 6.
IR spectra of treated and native cork stopper.

Following model calibration using experimental data on reduced mass obtained by the
conductometric method, the resulting apparent diffusion coefficients (Dapp) were optimized using the Bat
algorithm [287. This optimization process achieved a high level of accuracy, with a margin of error of
the order of 107% as detailed in Table 2. The Bat algorithm, inspired by the echolocation behavior of
bats, was chosen for its efficiency in solving complex optimization problems and its ability to converge
quickly to optimal solutions. The strong agreement between model predictions and experimental data
underlines the robustness of the proposed approach to accurately describe the diffusion phenomena
studied. Furthermore, the minimal margin of error highlights the reliability of the calibration process
and the suitability of the Bat algorithm for refining the model parameters. These results not only
validate the theoretical framework but also provide a solid basis for further investigations into the
influence of other variables on mass transfer processes. The optimized Dapp values, presented in Table
2, provide an essential reference for further analyses and applications in related fields.

Table 2.
Diftusion coefficients in a cork stopper under the eftect of the protocol, the temperature of the THT and the nature of the
solute.

Protocol A B C
Protocol with NaCl Dioe, 5,41.10°12 6,05.10"12 5,80.10712
2007 -12 -12 -12
Dot 2,17.10 2,68.10 2,91.10
3507 -13 -12 -12
pat, 5,9.10 8,33.10 7,14.10
4507 -13 -12 -12
DA, 5,81.10 7,42.10 6,23.10
Protocol with pig? 8,12.10712 8,97.10712 8,61.10712
KCl 200° 2,0.1012 3,71.10-12 3,41.10-12
i 7,08.10718 9,32.10°12 9,90.10-12
D 7,12.10°18 9,04.10°12 7,39.1012

The learning model developed in this study is based on a multi-layer perceptron (MLP)
architecture, designed to accurately predict Dqy, based on the various experimental parameters in Table
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2. To identity the optimal neural network architecture, a series of systematic tests was performed, as
detailed in Table 3. These tests consisted of evaluating different network configurations, varying the
number of hidden layers (from one to three) and the number of neurons per layer (from 5 to 15). This
methodical approach allowed us to explore a wide range of combinations to determine the structure
offering the best predictive performance while avoiding overfitting.

Table 3 summarizes the key parameters involved in identifying the optimized model, obtained using
ANN. This configuration made it possible to capture the nonlinear relationships between experimental
parameters and D,p, values, while minimizing prediction errors.

Table 3.

Proposed ANN model structure.
Network type |Algorithm Input layer [Hidden layer de (1 & 38) |Output layer
Feed-Forward Backpropagation Neurons | Activation | Neurons o

Neurons Number for| function for Activation
Neural Network Levenberg-Marquardt number cach cach number function
(trainlm) ReL.U

(FFFBP NN, newff) 5 For 5 to 15 (poslin) 1 purelin

The graphs presented in Figure 7 illustrate that the implementation of the artificial neural network
(ANN) is both satisfactory and robust.

This performance is attributable to the use of a substantial database, comprising 8864 points, which
represents 529.3% of the recommended minimum size of 730 points calculated from equations 3 and 6
tor the specific architecture (5-5-6-1), illustrated in Figure 8.

This conclusion is supported by correlation coefficients close to 1 (0.9998) for the different data
analysis phases (training, validation, and testing), as well as by an extremely low root mean square error
(RMSE) of around 7.88 X 107'*.
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These results demonstrate that the model is capable of capturing the complex relationships between
input and output variables with high accuracy, while generalizing effectively to new data. Furthermore,
the model performance, characterized by such a low RMSE, highlights the effectiveness of the
optimization of the RNA architecture and the relevance of the selected parameters. These elements
confirm the reliability of the proposed model and its potential for practical applications requiring high
predictive accuracy.

Figure 9 illustrates that the gradient decreases globally over the course of iterations (epochs),
indicating that the optimization process is converging toward a minimum of the cost function. The
variations in W reflect the dynamic adaptation of the algorithm. When u decreases, the algorithm places
greater trust in the local gradient trends, suggesting improved convergence. Furthermore, the absence
of fluctuations in the validation phase demonstrates the network's strong generalization capability, even
with a relatively low number of epochs (15).

Gradient = 0.040221, atepoch 15
T T

B
= 10°F
-
o
Lo
@
o
107 : :
) Mu = 0.0001, atepoch 15
107 .
E 104
1078 : :
1 Validation Checks =0, atepoch 15
%
= 2R 2 2 2 2 B R R R JEE 2R R N N 2
=
-1 | 1
0 5 10 15
15 Epochs
Figure 9.

Evolution of Gradients, Learning Rate (mu), and Validation Values per Epoch.

4., Conclusion

This study highlighted the significant impact of high-temperature thermal treatments (THT) and
boiling processes on the mass insulation properties of cork stoppers. We successfully modeled the
desorption kinetics, with experimental results validating the developed model, showing improved
diffusion coefficients with increasing treatment temperatures, particularly beyond 3850°C:
Diose<Daoooe<Dss0°= Dusoe=5,81.10"*m?s. The findings confirmed that molecular size aftects diftusion,
with Dkcr > Dwaci. Additionally, the study emphasized the crucial role of the treatment protocol on
insulation performance, demonstrating that the sequence of THT and boiling directly influences mass
insulation: Da<Dc<Dg. The Dapp values were optimized using the Bat Algorithm, achieving a precision
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of 107%. Through these improvements, including an innovative treatment protocol and optimized cycle
temperature, the final product (cork stopper) becomes highly competitive in the market.

The database used for neural network modeling allowed the definition of an optimal architecture (5-
5-6-1), achieving exceptional accuracy, with a coefficient of determination R* of 0.9997 and an extremely
low root mean square error (RMSE) of 7.38 x 107'*. This remarkable performance is partly explained by
the substantial size of the experimental database, comprising 8864 data points, or 529.3% of the
recommended size limit for this specific architecture. The results obtained confirm the reliability and
effectiveness of the developed model, which positions itself as a powerful predictive tool for analyzing
diffusion properties as a function of various parameters.

This study not only contributes to a better understanding of cork stopper processing processes, but
also establishes a solid methodological framework for future work aimed at optimizing material quality
and production methods in the cork industry. The successful application of a neural network in this
context highlights its potential for predicting complex material behaviors, opening up innovative
perspectives in materials science and quality control. These advances underscore the importance of
artificial intelligence-based approaches to addressing current industrial and scientific challenges.
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