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In this paper, we put forward a classifier to automatically identify the most suitable
mechanical behaviour law among two candidates, enabling optimal modelling of
experimental data from a uniaxial tensile test, represented as elongation–specific stress
curves. An Artificial Neural Network (ANN) is employed to perform this classification
task and assist the modeler, even when the resulting curves from different models are
very close. This paper compares two different methods that enable supervised learning
of the neural network from a training dataset labelled with specific stress values as a
function of elongation, without requiring any external data. The learning process is
then validated by testing the network’s ability to correctly identify the most suitable
model from experimental data it has never encountered before. This approach could
potentially pave the way for adaptations to more complex tasks in a multidimensional
context or to feature recognition in imaging, in the frame of various fields of materials
mechanics.

1. Introduction

Artificial neural networks (ANN) are versatile and powerful tools that can be
used in a wide range of applications to solve complex classification and prediction
problems using learning (supervised, unsupervised or by reinforcement) from a
certain amount of data. Since the early 21st century, significant progress has been
made in artificial intelligence, notably with the introduction of Recurrent Neural
Networks (RNN), convolutional neural networks (CNN) and physics-informed
neural networks (PINN). Concerning engineering sciences applied to the mechanics
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of materials and industrial mechanical systems, the use of ANN, CNN, RNN and
other more sophisticated neural networks such as TANN (Thermodynamics-based
Artificial Neural Networks) and RTAN (Recurrent Thermodynamical Artificial
Network) have proven promising for tackling certain challenges focused mainly on
the maintenance and/or performance of mechanical or industrial systems as well
as the prediction of the mechanical behaviour and structural characterization of
complex materials. Table 1 provides a bibliography bringing together the different
aspects described above.

Table 1. Bibliography in the field of engineering sciences applied to mechanics of material and
industrial mechanical systems, using neural networks such as ANN, CNN, RNN, TANN and RTAN

Objective

Neural
network

type

Maintenance
(fault diagnosis,

damage
detection, . . . )

Prediction
(structural characterization,

mechanical response,
mechanical behaviour,

thermodynamical
approaches, . . . )

Performance by optimization
of parameters

(efficiency, lifetime, reduction
of undesirable effects,
control and sharing
knowledges between

devices, . . . )
ANN [1–3] [4–7] [8–10]
CNN [11–14] [15, 16]
RNN [17, 18]
PINN [19–21]
TANN [22]
RTAN [23]

In this paper, we propose two simple and effective models recognition methods
intended for people of the mechanics community, who have little knowledge of
artificial intelligence. The simplicity of the method is a key consideration in our
approach, aimed to facilitate its implementation and make it accessible to users. In
this framework, we propose methods using classification algorithms whose core is
an Artificial Neural Network (ANN), with the aim of recognizing one mechanical
model among two, best accounting for the mechanical behaviour of a material
during a uniaxial tensile test. This classification task is done independently of the
number of parameters of the optimal model that best describes the experimental
data. Thus, modelling accuracy is the only parameter considered for the choice
of the optimal model, without optimizing the number of parameters. We explore,
within the frame of supervised learning, its effectiveness in being trained on labelled
data and then, we evaluate its recognition capacity on external data that it has never
seen before. The relevance of the obtained results is validated with a simple least
squares regression method. In this paper, we set up a method to recognize the good
mechanical model among two proposed in the case of modelling the behaviour of
a PA66 polyamide yarn during a uniaxial tensile test.
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2. Materials and methods

2.1. Material mechanical behaviour modelling

Polyamide, commonly known as Nylon, is a thermoplastic polymer with a
semi-crystalline structure and high thermal stability. This material is very useful
due to its high flexibility, high resistance to wear, low coefficient of friction and very
high temperature and impact resistance properties [24]. In addition, this material
is quite inexpensive. We define the Cauchy stress in a PA66 yarn, such as:

𝜎 =
𝑓

𝑎
, (1)

where, 𝑓 is the current applied force and 𝑎 is the current cross-sectional area of the
material. However, it is complex to measure a section 𝑎 for this type of material.
This problem arises whether the material is 1D (yarn, rope, strap) or 2D (woven
material, canvas) [25]. In this case, instead of the geometric section 𝑎, we use the
mass to quantify stress. We can then use the specific stress tensor Σ used in other
works of the scientific community [26–33], defined such as:

Σ =
1
𝜌𝑡

· 𝜎 =
1
𝜌
· 𝜏 , (2)

where 𝜌 and 𝜌𝑡 define respectively the initial and the current density of the material
and 𝜎 and 𝜏 define, respectively, the Cauchy stress tensor and the Kirchhoff stress
tensor. The yarn is considered as a one-dimensional (1D) material, which does not
exhibit any contraction effect during longitudinal traction. It has neither bending
nor torsional rigidity. It also does not exhibit any longitudinal or transverse shear
effect. The only non-zero stress and strain components are those along the yarn
axis. Thus, the initial and current densities can be written as:

𝜌 =
𝜌

𝑎
and 𝜌𝑡 =

𝜌𝑡

𝑎
, (3)

where 𝜌 and 𝜌𝑡 are respectively the initial and the current mass per unit length.
Therefore, the 1D tensile specific stress Σ of the yarn is written, considering the
Eq. (1), (2) and (3):

Σ =
𝑎

𝜌𝑡
· 𝜎 =

𝑓

𝜌𝑡
. (4)

This relationship allows us to calculate the specific stress Σ, without resorting
to the measurement of the cross-section 𝑎 of the yarn. Nevertheless, the measure
of 𝜌𝑡 is difficult to get and it is necessary to obtain a new formulation to define
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the specific stress in the yarn. For this, by considering the gradient tensor of the
transformation 𝐹 and its Jacobian 𝐽, we can write:

𝐽 =
𝜌

𝜌𝑡
=

𝜌

𝜌𝑡
= det

(
𝐹
)
= 𝜆, (5)

where 𝜆 corresponds to the elongation in the longitudinal direction defined as:

𝜆 = 1 + Δ𝐿

𝐿0
, (6)

where Δ𝐿 stands for the crosshead displacement.
By replacing the expression of 𝜌𝑡 in Eq. (4), in using Eq. (5), we arrive at a

formulation of the specific stress Σ in the longitudinal direction, which depends on
the elongation 𝜆, the applied force 𝑓 and the initial mass per unit length 𝜌 such as:

Σ =
𝜆 × 𝑓

𝜌
. (7)

Given Eq. (7), the specific stress is expressed in J/g.
We propose two behaviour models to account for the experimental results

with the hypothesis of a 1D behaviour of the yarn. These models are inspired,
respectively, by the Ogden model and the Neo Hookean model, established in the
three-dimensional case with an incompressibility hypothesis where the Jacobian
𝐽 is equal to 1 [34, 35]. We adopt the form of a 3D model even though our
material is considered as a 1D material and, to avoid confusion, we will call these
laws respectively the “Ogden-like model” and the “Neo Hookean-like model” and
we will use the subscript letters “O” and “NH” to differentiate certain quantities
concerning them.

The Ogden-like model is defined such as:

ΣO(𝜆) = 𝜇 ·
[
𝜆𝛼 − 𝜆

−𝛼
2

]
, (8)

where 𝜇 (in J/g) and 𝛼 (unitless) are the two parameters of the model.
The Neo Hookean-like model is defined such as:

ΣNH(𝜆) = 𝐶1 ·
[
𝜆2 − 𝜆−1] , (9)

where 𝐶1 (in J/g) is the only parameter of the model.

2.2. Methods for recognizing the most suitable mechanical model

2.2.1. Presentation of the artificial neural network

Fig. 1 presents the artificial neural network (ANN) used in this work. This
perceptron network has only two layers: an input layer and an output layer. The
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input layer uses a variable number 𝑛 of neurons, each of which can take a numerical
value. If we consider a specific stress signal Σ as a function of the elongation 𝜆,
then this signal is discretized according to the value of 𝑛 and each input neuron
is associated, in order, from top to bottom, with a specific stress value Σ𝑘 with
𝑘 ∈ [1, 𝑛] which is normalized by a value 𝑉 which is of the order of magnitude
of the specific stresses involved. This normalization makes it possible to (i) make
the inputs dimensionless and (ii) avoid harmful saturation of the neural network
in the case where the specific stress values are high, which could compromise its
learning. Thus, the first neuron 𝑖1 is associated with the normalized specific stress
value for zero elongation and the last neuron 𝑖𝑛 is associated with the normalized
specific stress value for the maximum elongation value. We therefore build an input
vector 𝐼 composed of 𝑛 elements: 𝑖1 to 𝑖𝑛 such as 𝑖𝑘 = Σ𝑘/𝑉 with 𝑘 ∈ [1, 𝑛]. The
values of the parameters 𝑛 and 𝑉 adopted for this study are given in Appendix A.
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Fig. 1. Artificial Neural Network (ANN) used in the method of recognition for two behaviour laws

The output layer is built in two phases. First, a raw output vector 𝑂′ with two
elements: 𝑜′1 and 𝑜′2 is calculated by a matrix product between the weights matrix
𝑊 (size 2 × 𝑛) and the input vector 𝐼 such as:

𝑂′ = 𝑊 × 𝐼 ⇐⇒
(
𝑜′1
𝑜′2

)
=

(
𝑤11 . . . 𝑤1𝑛

𝑤21 . . . 𝑤2𝑛

)
×

©­­­«
𝑖1
...

𝑖𝑛

ª®®®¬ . (10)

We then recalculate the exploited output vector 𝑂 whose elements are 𝑜1 and
𝑜2, using a softmax activation function that is commonly used in the last layer of a
neural network to perform a multi-class classification task. We thus obtain Eq. (11):(

𝑜1

𝑜2

)
=

1
exp

(
𝑜′1

)
+ exp

(
𝑜′2

) · (exp
(
𝑜′1

)
exp

(
𝑜′2

)) . (11)
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The values of 𝑜1 and 𝑜2 are between 0 and 1 and only two outcomes are
possible for the exploited output vector 𝑂. We subsequently consider that:

• if 𝑜1 > 𝑜2, then the model recognized by the neural network is the Ogden-like
model;

• if 𝑜2 > 𝑜1, then the model recognized by the neural network is the Neo
Hookean-like model.

If we consider a vector of fixed specific stress values at the input layer, it
becomes clear that only the elements of the weights matrix 𝑊 can change and be
selected in such a manner that the network outputs correspond to the recognition
of an Ogden-like or a Neo-Hookean-like model. The neural network learning
process involves determining a set of elements from the matrix 𝑊 that achieve the
following goal: if a vector of experimental results based on the Ogden-like model
is the input, the output 𝑜1 should be greater than 𝑜2. If the vector corresponds to
the Neo-Hookean-like model, then the output 𝑜2 should be greater than 𝑜1.

2.2.2. Learning method of the artificial neural network

• Definition of a bounded validity zone
To reduce computation times, during the learning process, it is necessary to

define a bounded validity zone around the experimental data to be modelled. This
zone is characterized by envelope curves which respectively define minimum and
maximum specific stress limits, as a function of the elongation, which should not
be exceeded. It is in the bounded validity zone that we guarantee the recognition of
the best model for the available data. The definition of the bounded validity zone
requires preliminary work, considering the available computing power, the exper-
imental data to be modelled and the equations of the two proposed models. This
bounded validity zone is associated with a domain of parameter variations for the
two adopted models, in which each parameter evolves within specific minimum and
maximum bounds. The Ogden-like model (Eq. (8)) involves 4 values: 𝜇min, 𝜇max,
𝛼min and 𝛼max and the Neo Hookean-like model (Eq. (9)) involves 2 values: 𝐶1min
and 𝐶1max . For each of the two models, a specific validity zone is associated with
its parameter variation domain. The envelope curves that delimit these specific va-
lidity zones are associated with the parameter sets (𝜇min, 𝛼min) and (𝜇max, 𝛼max) for
the Ogden-like model and the parameters 𝐶1min and 𝐶1max for the Neo Hookean-like
model. In each of these two specific validity zones, recognition of the correspond-
ing model should be ensured. The final bounded validity zone, where we wish to
guarantee the recognition of the most suitable model among the two, is represented
by the intersection of the recognition zones specific to each model. It is therefore
important that these specific validity zones have a strong connectivity. Section 4.1
and Appendix A give the parameters values chosen for this study.

• Overview of the learning process with labelled data
Training the neural network requires having a mass of reference data that is

introduced into the input layer 𝐼, to allow the identification of a matrix 𝑊 allowing
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the network to perform the requested classification task. This mass of reference
data is usually called the training set. This training set can be obtained by a mass of
experimental results where the identification of the two models is carried out and is
a part of the results themselves. The choice adopted in this study is to perform the
learning without resorting to experimental data. The strategy adopted consists in
using a training set of data generated from the theoretical equations of Ogden-like
and Neo Hookean-like models. To get closer to the real signals, we add to these input
data a random noise with a uniform distribution (this corresponds to the simplest
choice for simulating experimental results), parameterized by a value 𝑏 in %
around the mean value. The data from either theoretical equation are characterized
by parameter values chosen for learning. In this context, the corresponding model
and the values of the parameters adopted are known in advance. This is called the
labelled data for learning. In this study, we chose a sober training set to reduce
computation times as much as possible without compromising learning efficiency.
This training set consists of six input vectors or reference signals. These come
from the set of four parameters of the Ogden-like model: (𝜇min, 𝛼min), (𝜇min, 𝛼max),
(𝜇max, 𝛼min) and (𝜇max, 𝛼max) and of the two parameters of the Neo Hookean-like
model like 𝐶1min and 𝐶1max .

The learning process of the neural network is composed of two essential phases.
The first one consists in performing the network learning, using the training set
defined above, which allows a first selection of a matrix 𝑊 . The second phase
consists in testing the relevance of this first selection over the entire bounded
validity zone in the specific stress. To limit computation time, the learning process
is repeated a maximum number of times 𝑆 (see Appendix A). This supervised
learning process is illustrated in the form of an algorithm presented in Fig. 2 and a
description is given in the following.

Description of phase 1: Training the neural network on the training set and
selection of a matrix 𝑊

Two methods are proposed here. The method A consists in a pure random
search of the elements of the matrix 𝑊 linked to an iterative process repeated 𝑃

times (see Appendix A). The method B involves research for a matrix 𝑊 with a
backpropagation algorithm using a stochastic hill climbing type optimization (see
Appendix B for details concerning this process). The method A allows us using the
neural network presented in Fig. 1 like a Feedforward Neural Network (FNN).

Initially, each element of the matrix 𝑊 is randomly chosen in the interval
[−𝑊𝐴, 𝑊𝐴] where𝑊𝐴 is the parameter of the neural network whose value is given
in Appendix A. For a given reference signal from the training set, representative of
the Ogden-like model (respectively Neo Hookean-like), in the ideal case, we wish
to obtain at the output 𝑂 of the neural network: 𝑜1 = 1 and 𝑜2 = 0 (respectively
𝑜1 = 0 and 𝑜2 = 1). In a non-ideal case, to quantify the differences between what
is obtained and what was expected at the output, once the entire training set is
introduced into the input layer, we define a loss indicator parameter, noted 𝐿 in
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Testing with the selected W matrix in the phase 1 on the whole limited validity zone 

repeated T times

>> Calculation of the recognition rate for each model R   , R        and the overall recognition rate R 

Phase 2

1- If R is superior to all the values of R obtained so far, then the new values of R, R    , R         and 

 the matrix W are recorded

2 - If R = 1 or S attempts are done : End of the process and exit otherwise return to phase 1

0 NH

0 NH

END

Output parameters 

Recognitions rates : R   , R         and R

Selected matrix W   

LEARNING PROCESS 

Ogden-like (μ          , μ           , α         , α          ), Neo Hookean-like (C            , C            )

Network parameters : n, V, W    

Algorithmic parameters : S, P, T

Training set (min/max parameters values) :

Noise parameter : b

START

A

min max min max 1min 1max

Input parameters 

    Selection process of matrix W 

Phase 1

repeated S times

0 NH

1- W matrix is chosen randomly

2 - Training set is introduced 

3 - Calculation of a loss indicator L

repeated P times

>> Selection of a matrix W that minimises L

Method A

1- W matrix is chosen randomly

2 - Training set is introduced 

3 - Backpropagation algorithm to select 

a matrix W that minimises a loss indicator L

Method B

Fig. 2. Algorithm standing for the learning process of the neural network in the case of the
recognition of two behaviour laws (Ogden-like and Neo Hookean-like models)

Appendix C. The objective of both methods A and B is to find a weights matrix 𝑊

that minimizes the value of 𝐿, which is then retained for the rest of the process in
phase 2.

Description of phase 2: Validation of the matrix𝑊 selected in phase 1, by tests
carried out on the entire validity zone

Phase 2 allows us to verify whether the selected matrix𝑊 in phase 1 can cover
the bounded validity zone in its entirety. To do this, we organize a certain number 𝑇
of tests also with labelled data. A test consists of first randomly choosing a model
among Ogden-like and Neo Hookean-like. Then, we perform a random draw of
the parameters such as: 𝜇 ∈ [𝜇min, 𝜇max] and 𝛼 ∈ [𝛼min, 𝛼max] if the chosen model
is the Ogden-like model and 𝐶1 ∈

[
𝐶1min , 𝐶1max

]
if the chosen model is the Neo

Hookean-like model. A specific stress signal, noisy in the same way as in phase 1,
is thus constituted and we introduce it into the input layer 𝐼 of the neural network.
We recover, at the output 𝑂 of the network, the values 𝑜1 and 𝑜2. Two cases then
arise:
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• if the chosen model is the Ogden-like model and 𝑜1 > 𝑜2 then the test is
successful;

• if the chosen model is the Neo Hookean-like model and 𝑜2 > 𝑜1 then the
test is successful.

We count the successes relative to the number of times a model has been
selected and thus, we obtain the recognition rates for each of the models: 𝑅𝑂 for
the Ogden-like model, 𝑅NH for the Neo Hookean-like model. We also define 𝑅,
the recognition rate for both models, defined by the total number of successes
divided by the total number of tests. If the value of 𝑅 obtained is strictly higher
than all those obtained so far, then the values of 𝑅, 𝑅𝑂, 𝑅NH and the associated
matrix 𝑊 are recorded. In the case where a value of 𝑅 equal to 1 is obtained, the
selection process stops: the learning on the labelled training data is successful and
the matrix𝑊 is definitively chosen. Otherwise, the selection process is restarted by
returning to the beginning of phase 1. If after 𝑆 attempts, it is not possible to obtain
a value of 𝑅 equal to 1, the matrix 𝑊 that made it possible to obtain the highest
possible value of 𝑅 is adopted. Let us note that this strategy is only possible because
the underlying constitutive equations are known, which allows the generation of
controlled and consistent synthetic data. This setup encourages the network to learn
discriminative patterns associated with each constitutive model rather than dataset
statistical artifacts. As a result, if the value of 𝑅 is close to 1, it means that the
network demonstrates strong generalization despite an exceptionally small size of
the training set.

3. Experimental background

3.1. Experimental setup

A PA66 yarn of mass per unit length 𝜌 = 33dtex = 3.3·10−3 g/m is used in our
study (Fig. 3c). To carry out experimental tensile tests on this yarn, we used a single-
column tensile press, brand INSTRON 2 kN Microtester 5944, commonly used for
tensile tests on medical devices, biomaterials, textiles, elastomers, yarns, cables
and plastic films (Fig. 3a). This tensile machine consists of a frame supporting a
movable crosshead. The yarn, clamped between the jaws, is anchored at its lower
part to the base of the machine and at its upper part to the movable crosshead. The
jaws are specific to the traction of yarns (Fig. 3b). The load cell for measuring the
force applied to the yarn is designed to carry out tests up to 2 kN. The test bench
provides a platform for producing high-quality force and displacement data using
the Bluehill® quasi-static and dynamic testing software. At the start of the tensile
test, the jaw position is set from the stop. From the point of contact between the
two jaws, the crosshead is raised by a distance of 100 mm, corresponding to the
initial length 𝐿0 of the yarn. The yarn is placed at this point, then it is tensioned by
pre-load, with a force of the order of 0.01 N. The uniaxial tensile tests cited in this
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paper are carried out at a constant crosshead speed such as Δ ¤𝐿 = 0.01 mm/s which
corresponds to a strain rate ¤𝜀 = Δ ¤𝐿/𝐿0 = 10−4 s−1.

(a)

(b)

(c)

Fig. 3. (a) INSTRON 2 kN Microtester 5944 tensile machine; (b) zoom on the jaws
where the yarn is fixed; (c) PA66 yarn spool used in this study

3.2. Mechanical behaviour modelling of experimental results

Five uniaxial tensile tests (the tests numbered 1, 2, 3, 4 and 5 in this paper) are
performed under identical experimental conditions. Fig. 4 shows both the experi-
mental curves (in the order of their numbering) as well as the fit and identification
of the parameters of the two models with the associated RMSE (Root Mean Square
Error) values (adjustment by the least squares method). The curves present dispar-
ities in terms of specific stress (Fig. 4a) related to the existence of measurement
noise, because the way of attaching the yarn may be slightly different from one
test to another and the fact that the material is probably not homogeneous from
one sample to another. The model of Ogden-like models test 1 (Fig. 4b) and test 2
(Fig. 4c) performs very well: the RMSE values are low. It also models test 3 well
(Fig. 4d) but with a higher RMSE value. For test 4 (Fig. 4e), the modelling becomes
more complicated and the RMSE value for the Ogden-like model is lower, but still
very close to that obtained for the Neo-Hookean-like model. For test 5 (Fig. 4f), the
Neo-Hookean-like model clearly allows better modelling. In summary, identifying
the most suitable model is easy for curves 1, 2 and 5. It is moderately easy for
curve 3 and difficult for curve 4.
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Fig. 4. Characterization of the yarn used in our study: (a) Specific stress-elongation curves of
experimental tests 1, 2, 3, 4 and 5; (b), (c), (d), (e) and (f) Fitting of each curve by the Ogden-like

model and the Neo Hookean-like model with the least square method

It is important to note that the model parameters are identified using a least-
squares approach over the entire loading range. This strategy ensures robustness and
allows for a consistent comparison between the Ogden-like and the Neo Hookean-
like models but it may smooth localized features of the experimental data and
introduce bias depending on the selected elongation range. The Neo Hookean-like
model, characterized by a linear specific stress–elongation relationship, does not
account for nonlinear effects at elongation ranges where they occur. Even if the
Ogden-like model provides a better flexibility, its predictive capability remains
dependent on the identification strategy and the range of data that is considered.
Therefore, the results should be interpreted with caution, for example, when ex-
trapolating beyond the elongation zone presented in this paper or when considering
local features that are not highlighted by the global adjustment procedure.
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4. Results

4.1. Bounded validity zone

In the context of this study, the chosen values of the parameters limits of the
two models 𝜇min, 𝜇max, 𝛼min, 𝛼max, 𝐶1min and 𝐶1max , are given in Appendix A and
Fig. 5 shows specific validity zones of the Ogden-like model (Fig. 5a), of the Neo

Fig. 5. (a) and (b) Specific validity zone associated to respectively the Ogden-like model and the
Neo Hookean-like model. (c) Definition of the validity zone as the intersection of the both models

specific validity zones where the experimental points of the tests 1, 2, 3, 4 and 5 are included
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Hookean-like model (Fig. 5b) and the final bounded validity zone in specific stress
where we wish to ensure recognition of the two models, which is represented by
the yellow zone in Fig. 5c. We check that the experimental points of tests 1, 2,
3, 4 and 5 are included in this bounded validity zone. Let us note that we have
chosen the parameters limits to form a bounded validity zone large enough to show
the neural networks recognition capability over a large range of parameters values
and despite the small size of the training set. This choice also leads to reducing
calculation times to reasonable values.

4.2. Results of recognition on labelled training data

We applied the learning process several times in the frame of a sensitivity
study of the recognition rates 𝑅𝑂, 𝑅NH and 𝑅, to the parameters 𝑏 and 𝑛. The
parameter 𝑇 is always set up to 10 000. Let us note that the greater 𝑛, 𝑏 and 𝑇 are,
the longer are computation times to get 𝑅 = 1, so it is important for the user to
assess the possible values for 𝑛, 𝑏 and 𝑇 that give satisfaction and do not imply too
long computation times.

Results with method A: Four neural network learning campaigns are consid-
ered: campaign A-0-12 (𝑏 = 0 and 𝑛 = 12), campaign A-0-23 (𝑏 = 0 and 𝑛 = 23),
campaign A-5-12 (𝑏 = 5 and 𝑛 = 12) and campaign A-5-23 (𝑏 = 5 and 𝑛 = 23).
For each campaign, 100 learning processes are carried out. When 𝑏 was set to 0 in
campaigns A-0-12 and A-0-23, the learning process allowed, by applying a single
loop (phase 1, phase 2) of the selection process, to determine a matrix 𝑊 such
that 𝑅 = 𝑅𝑂 = 𝑅NH = 1 whatever the values of 𝑛 adopted. When 𝑏 = 5, learning
rate remains quite high and we also obtain 𝑅 = 𝑅𝑂 = 𝑅NH = 1 after reasonable
computation times (for one learning process, they are from a few minutes to a few
tens of minutes in the case where a standard commercial personal computer is
used).

Results with method B: We set 𝑛 = 12 and we consider three neural network
learning campaigns. For each, 100 learning processes are still carried out. We note
campaigns with the code B-5 (𝑏 = 5), B-10 (𝑏 = 10) and B-15 (𝑏 = 15). We notice
that the greater is the value of 𝑏, the lower is the learning rate. Consequently, the
number of maximal loops 𝑆 is set up to 100 (if 𝑏 ≤ 10) and to 200 (if 𝑏 = 15)
which enables us to get values of 𝑅 that are as high as possible and prevents too
long computation times (for one learning process, computation times are about 5
minutes if 𝑆 = 100 or 10 minutes if 𝑆 = 200 with a standard commercial personal
computer). For each campaign, the mean value of 𝑅 for 100 different learning
processes is listed in Table 2. Let us note that the noise around the average value

Table 2. Mean value of 𝑅 obtained for 100 learning processes (campaigns with method B)

Campaign B-5 B-10 B-15
𝑅 0.985 0.929 0.854
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applied on labelled input data for the campaign B-15 appears to be higher than
the one observed on the external experimental data. Although the mean value of
𝑅 is lower, because training is more difficult in this case, it is still conceivable
that the trained neural networks can obtain good recognition results on the external
experimental data presented in this paper.

4.3. Results of recognition on external experimental data

Once matrix 𝑊 is determined by the neural network learning method (see
Section 2.2.2), we can proceed to validate this learning by confronting the neu-
ral network with external experimental data that it has never seen. We therefore
introduce the experimental specific stress data from tests 1, 2, 3, 4 and 5 (see
Section 3.2, Fig. 4) in the input layer and we retrieve the values of 𝑜1 and 𝑜2 at the
output layer. If 𝑜1 > 𝑜2, the Ogden-like model is recognized whereas if 𝑜2 > 𝑜1, the
Neo Hookean-like model is recognized. We check whether the Ogden-like model
that better represents the experimental data from tests 1, 2, 3 and 4 is recognized
or not. Same for the Neo Hookean-like model concerning test 5.

• Results with method A
Tables 3a, 3b, 3c and 3d show the confusion matrices obtained concerning the

tests of recognition of Ogden-like and Neo Hookean-like models on experimental
tests 1, 2, 3, 4 and 5, from the sets of matrices 𝑊 obtained from the different
neural network trainings from the campaigns A-0-12, A-0-23, A-5-12 and A-5-23.
If the recognition is perfect for the 100 neural network trainings of a campaign,
we should get respectively 400 and 100 in the case corresponding to Ogden-like
expected / Ogden-like recognized (tests 1, 2, 3, and 4) and in the case corresponding
to Neo Hookean-like expected / Neo Hookean-like recognized (test 5). In addition,
we should get 0 in the other cases. In addition, we define in the Appendix C, a
performance index 𝑄 that provides additional information beyond the number of
times the correct model was recognized out of the total number of recognition tests
performed in a campaign. Indeed, we are also interested in its ability to clearly rule
out the model that is less adaptable. The index 𝑄 is expressed in % in Tables 3a,
3b, 3c, 3d. What’s more, it is close to 100%, the better the performance is. An
untrained neural network would give a 𝑄 value close to 50%. First, we note that
recognition results are very sensitive to the value of 𝑏. The campaigns where 𝑏 = 5,
in one hand, clearly leaded to a better recognition of the most adapted model for
an experimental test and, on the other hand, could better rule out the other one.
Moreover, for all the campaigns, the tests 1, 2, 3 and 5 were always recognized and
the errors always occurred for the test 4, which was a consequence of the difficulty
of recognition for this test (see Fig. 4e). For the campaign A-5-12, only 17 errors
out of 500 are detected which represent 3.4%. Besides, for the test 4, the campaigns
A-5-12 and A-5-23 lead to the right recognition in more than 80% of the cases
and the performance index 𝑄 greater than 97%. Sensitivity to the parameter 𝑛 is
not obvious and it is difficult to draw a conclusion despite the fact that we observe
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that for both cases where 𝑏 is fixed at 0 and then at 5 the 𝑄 value is slightly higher
for 𝑛 = 23. It is also interesting to notice that despite the numerous errors for
campaigns when 𝑏 is set to 0, the 𝑄 value remains high, which means that the
errors are rather made with a narrow margin.

Table 3. Confusion matrix and value of 𝑄 in % for campaigns: (a) A-0-12; (b) A-0-23; (c) A-5-12
and (d) A-5-23

(a)
A-0-12 (𝑄 = 95.15) Ogden-like recognized Neo Hookean-like recognized
Ogden-like expected 333 67

Neo Hookean-like expected 0 100

(b)
A-0-23 (𝑄 = 95.71) Ogden-like recognized Neo Hookean-like recognized
Ogden-like expected 339 61

Neo Hookean-like expected 0 100

(d)
A-5-12 (𝑄 = 97.06) Ogden-like recognized Neo Hookean-like recognized
Ogden-like expected 383 17

Neo Hookean-like expected 0 100

(d)
A-5-23 (𝑄 = 98.11) Ogden-like recognized Neo Hookean-like recognized
Ogden-like expected 381 19

Neo Hookean-like expected 0 100

• Results with method B
Tables 4a, 4b and 4c, respectively, show the confusion matrices and the value

of the performance index𝑄 in %, concerning the tests of recognition of Ogden-like
and Neo Hookean-like models in experimental tests 1, 2, 3, 4 and 5, from the
campaigns B-5, B-10 and B-15. Recognition results are also here, sensitive to the
value of 𝑏. The best results are given by the campaign B-15 (𝑏 = 15 and 𝑛 = 12)
with a 3.6% error rate (the most adapted model has been identified 482 times on
500) and a 𝑄 value of 98.52%. Also, for experimental test 4, the Ogden-like model
has been recognized more than 4 times out of 5. In the cases presented here, using
method B with 𝑏 = 15, we were able to equal the performance given by the bests
results obtained in using method A.
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Table 4. Confusion matrix and index Q in % for campaigns: (a) B-5; (b) B-10,
and (c) B-15 (𝑛 = 12, 𝑏 = 15)

(a)
B-5 (𝑄 = 95.47) Ogden-like recognized Neo Hookean-like recognized

Ogden-like expected 346 54
Neo Hookean-like expected 3 97

(b)
B-10 (𝑄 = 97.07) Ogden-like recognized Neo Hookean-like recognized

Ogden-like expected 364 36
Neo Hookean-like expected 0 100

(c)

B-15 (𝑛 = 12, 𝑏 = 15)
(𝑄 = 98.52) Ogden-like recognized Neo Hookean-like recognized

Ogden-like expected

382/400
(Test 1: 100/100)
(Test 2: 100/100)
(Test 3: 98/100)
(Test 4: 84/100)

18/400
(Test 1: 0/100)
(Test 2: 0/100)
(Test 3: 2/100)

(Test 4 : 16/100)
Neo Hookean-like expected 0/100 100/100

4.4. Concluding remarks about the results

We note that the experimental signals to be recognized have relatively fluctu-
ating specific stress values (see Fig. 4a), which suggests, at first glance, to preferen-
tially set up training of neural networks with noisy labelled data. It is clearly seen
that the value of the noise parameter 𝑏 applied on input data significantly affects
the recognition and setting this value to 5 for method A and to 15 for method B,
makes it possible to significantly reduce the overfitting problem (which reflects the
good performance on the training data, but the errors observed on new external
data that the neural network had not yet encountered). For both methods A and B,
computation times and the best results obtained are similar: perfect or near-perfect
recognition of the most suitable model on experimental tests 1, 2, 3 and 5 and
more than 80% recognition of the Ogden-like model for test 4 where recognition
is difficult because the curves standing for the both models are very close to each
other. For the recognition of the most suitable model on the experimental data
presented in the papier, the obtained results allow us to recommend the choice of a
very simple neural network such as that shown in Fig. 1, (i) used as a feedforward
neural network (no backpropagation algorithm) and its training with parameters
such as: 𝑛 = 12, 𝑏 = 5 and𝑇 = 10 000, or (ii) with a backpropagation algorithm and



Recognition of mechanical behaviour laws through the supervised learning. . . 259

its training with parameters such as: 𝑛 = 12, 𝑏 = 15 and 𝑇 = 10 000. According to
the results given by the least square method corroborated by the recognition results
given by the neural network, we finally recommend to model the experimental data
with the Ogden-like model. In conclusion, these results finally make it possible to
meet the set objective and to validate the proposed method in the case of the recog-
nition between two models of mechanical behaviour laws that are Ogden-like and
Neo Hookean-like applied to uniaxial traction tests on the PA66 material presented
in this paper.

5. Conclusion

In this paper, we have proposed methods that use a classifier to recognize auto-
matically the model best suited to data in the form of experimental elongation-stress
curves, among two models proposed as the Ogden-like and the Neo Hookean-like
allowing to model the mechanical behaviour in specific stress, in uniaxial tension
of PA66 yarns, thanks to an Artificial Neural Network (ANN) with only one input
layer and one output layer (no hidden layer). We carried out various supervised
learning by varying the learning method (method A: without backpropagation al-
gorithm or method B: with backpropagation algorithm) and by varying parameters,
like the discretization parameter 𝑛 and the noise parameter 𝑏 (in % around the mean
value, uniform distribution) applied on input labelled data in specific stresses as a
function of elongation. We noticed that the noise parameter 𝑏 has a great influence
on the learning process of neural networks and the ability of these trained networks
to recognize the model best suited to experimental data. Noising the labelled input
data lead to better recognition results but also resulted in longer computation times
for the learning process. In the case of this study which presents a low-dimensional
problem, both methods A and B can be used to reach the objective. Furthermore, a
strong point to note is that the neural network was trained using training sets based
on labelled data that do not require the introduction of external data. This allows
us to avoid the need for massive data, which is a recurring drawback of techniques
using machine learning and deep learning. The study put forward in this paper
showed a certain robustness of the method of recognition of a model of mechani-
cal behaviour law on elongation-stress curves. It meets the classification objective
consisting in distinguishing the cases even if some of them result in curves that can
be very close. The methods detailed in this article, intended for members of the
mechanical engineering community wishing to begin using artificial intelligence
in their research, could be applied to various fields of materials mechanics. For
example, these methods could be adapted: (i) in imaging for recognizing stress
or strain states in a material in relation to images that have undergone prior pro-
cessing to reduce the input data for the neural network; or (ii) for studies in a
two-dimensional context, such as identifying biaxial tensile laws in the framework
of modelling a relationship between stress states

(
𝜎𝑥 , 𝜎𝑦

)
and strain states

(
𝜀𝑥 , 𝜀𝑦

)
.
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Those prospects could be the subject of future works carried out by our research
team in the frame of studies of heterogeneous materials.

A. Values of the parameters used in the learning process

Parameter Learning process
with method A

Learning process
with method B

𝑛 12 or 23 12
𝑉 400 J/g
𝑏 0 or 5 5, 10 or 15

𝑆 1000 100 (if 𝑏 ≤ 10)
200 (if 𝑏 = 15)

𝑃

Randomly chosen between
300 and 10 000 for

each Phase1-Phase2 loop
𝑇 10 000
𝑊𝐴 10 100

Ogden-like 𝜇min 120 J/g
𝜇max 210 J/g
𝛼min 5.5
𝛼max 7

Neo Hookean-like 𝐶1min 400 J/g
𝐶1max 1000 J/g

B. Details about the backpropagation algorithm

Learning process explained in Section 2.2.2 involves a method B that puts
forward a backpropagation algorithm to find a weights matrix 𝑊 that minimizes a
loss indicator 𝐿 defined in the Appendix C. This algorithm uses a Stochastic Hill
Climbing type optimization (SHC). Fig. 6 shows a schematic case of a 3D graph
representation of the loss indicator 𝐿 as a function of two elements 𝑤𝑖 𝑗 and 𝑤𝑘𝑙

of the matrix 𝑊 . In reality, the algorithm acts on all elements of matrix 𝑊 . SHC
explores a zone around a starting point. If a point located in the zone is found to
better minimize 𝐿, this point is selected (step 1 in the schematic Fig. 6a). A new
zone is defined around this point and a new point that better minimizes 𝐿 is sought
(step 2 in the schematic Fig. 6b). SHC continues the exploration until it cannot find
a better solution for a specified number of iterations. The main advantages of SHC
are: (i) the implementation of this algorithm is quite easy and (ii) the searching
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method can potentially escape a local minimum located near the starting point. In
that case, it can be more efficient than a gradient algorithm often used in the frame
of backpropagation for neural networks training.

(a)

(b)

Fig. 6. (a) Initialization of SHC algorithm from a starting point and research of a point in the zone
that minimizes the loss indicator 𝐿 (step 1). (b) From the point found at step 1 a new zone is defined

and a new point that minimizes 𝐿 is sought (step 2)

C. Definition of the loss indicator L

We introduce as input to the neural network, turn by turn, the first part of
the training set containing the specific stresses Σ𝑂 (Eq. (8)) calculated from the
Ogden-like model whose parameters are defined by the four pairs: (𝜇min, 𝛼min),
(𝜇min, 𝛼max), (𝜇max, 𝛼min) and (𝜇max, 𝛼max). Then, we introduce again, turn by turn,
the second part of the training set containing the specific stresses ΣNH (Eq. (9)) of
the Neo Hookean-like model calculated for the 2 parameters: 𝐶1min and 𝐶1max . We
note each time the values of 𝑜1 and 𝑜2 obtained at the output of the network, which
we index: 𝑜𝑘1 and 𝑜𝑘2 with 𝑘 ∈ [1, 4] when we introduce the Ogden-like model and
𝑘 ∈ [5, 6] when we operate with the Neo Hookean-like model. For 𝑘 ∈ [1, 4],
the recognition of the Ogden-like model is expected and we wish to obtain in an
ideal case: 𝑜𝑘1expected

= 1 and 𝑜𝑘2expected
= 0. For 𝑘 ∈ [5, 6], the Neo Hookean-like

model should be recognized and we wish to get in an ideal case: 𝑜𝑘1expected
= 0 and

𝑜𝑘2expected
= 1.
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Cross-entropy, also known as logarithmic loss, is a loss function commonly
used in machine learning to measure the performance of the classification realized
by the neural network. We then calculate loss indicators 𝐿O and 𝐿NH as follows:

𝐿O = −
𝑘=4∑︁
𝑘=1

[
𝑜𝑘1expected

log
(
𝑜𝑘1

)
+ 𝑜𝑘2expected

log
(
𝑜𝑘2

)]
= −

𝑘=4∑︁
𝑘=1

[
log

(
𝑜𝑘1

)]
, (C1)

𝐿NH = −
𝑘=6∑︁
𝑘=5

[
𝑜𝑘1expected

log
(
𝑜𝑘1

)
+ 𝑜𝑘2expected

log
(
𝑜𝑘2

)]
= −

𝑘=6∑︁
𝑘=5

[
log

(
𝑜𝑘2

)]
. (C2)

We then define a loss indicator 𝐿 considering the two previous contributions,
weighted so that they have the same weight. We thus propose the following formu-
lation:

𝐿 =
1
3
𝐿O + 2

3
𝐿NH. (C3)

D. Definition of the performance index Q

We consider all the weights matrices 𝑊 obtained after learning processes for
a whole campaign of neural network trainings. For each campaign, depending on
the number of the experimental test 𝑗 (ranging from 1 to 4 in the case where the
Ogden-like model is the most suitable one) and the learning 𝑖 carried out (ranging
from 1 to 100), we can index each value obtained for 𝑜1 and 𝑜2 by the notations:
𝑜1(𝑖, 𝑗) and 𝑜2(𝑖, 𝑗).

We now define quantities 𝑑1, 𝑑2 and 𝐷 such as:

𝑑1 =

𝑗=4∑︁
𝑗=1

(
𝑖=100∑︁
𝑖=1

(
(𝑜1(𝑖, 𝑗) − 1)2 + (𝑜2(𝑖, 𝑗) − 0)2

))
, (D1)

𝑑2 =

𝑖=100∑︁
𝑖=1

(
(𝑜1(𝑖, 5) − 0)2 + (𝑜2(𝑖, 5) − 1)2

)
, (D2)

𝐷 = 𝑑1 + 𝑑2 . (D3)

If we consider an ideal case of perfect recognition performance on all ex-
perimental tests for a given campaign, we must obtain 𝑜1(𝑖, 1), 𝑜1(𝑖, 2), 𝑜1(𝑖, 3),
𝑜1(𝑖, 4), 𝑜2(𝑖, 5) equal to 1 and 𝑜2(𝑖, 1), 𝑜2(𝑖, 2), 𝑜2(𝑖, 3), 𝑜2(𝑖, 4), 𝑜1(𝑖, 5) equal to
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0. In this case, 𝐷 is null. In the strictly opposite case where all the values 𝑜1(𝑖, 𝑗)
and 𝑜2(𝑖, 𝑗) are reversed, 𝐷 takes the maximum value 1 000. Thus, to quantita-
tively evaluate the quality of recognition over the entirety of a campaign, we define
a performance index, noted 𝑄 and expressed in %, defined as:

𝑄 = 100
√︂

1000 − 𝐷

1000
. (D4)
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