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ABSTRACT: This work addresses optimality aspects related to composite laminates having layers with different
orientations. Regression Neural Networks can model the mechanical behavior of these laminates, specifically the stress-
strain relationship. If this model has strong generalization ability, it can be coupled with a metaheuristic algorithm-the
PSO algorithm used in this article-to address an optimization problem (OP) related to the orientations of composite
laminates. To solve OPs, this paper proposes an optimization framework (OFW) that connects the two components,
the optimal solution search mechanism and the RNN model. The OFW has two modules: the search mechanism
(Adaptive Hybrid Topology PSO) and the Prediction and Computation Module (PCM). The PCM undertakes all the
activities concerning the OP at hand: the stress-strain model, constraints checking, and computation of the objective
function. Two case studies about the layers’ orientations of laminated specimens are conducted to validate the proposed
framework. The specimens belong to “Off-axis oriented specimens” and are subjects of two OPs. The algorithms for
AHTPSO and for the two PCMs (one for each problem) are proposed and implemented by MATLAB scripts and
functions. Simulations are carried out for different initial conditions. The solutions demonstrated that the OFW is
effective and has a highly acceptable computational complexity. The limitation of using the OFW is the generalization
ability of the RNN model or any other regression models. To harness the RNN model efficiently, it must have a very
good generalization power. If this condition is met, the OFW can be integrated into any design process to make optimal
choices of the layers orientations.
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1 Introduction

The mechanical behavior of composite laminates with various layer orientations [1] is studied based on
data collected through tensile tests, numerical integration, simulations, and Machine Learning (ML) models.
These models have a very important characteristic: their ability to generalize; they predict parameter values
for new composite laminates that did not contribute to the training data. Regression models, built using
machine learning models, predict parameter values used in complex analysis of mechanical load behavior.
There is no need to conduct expensive tensile tests or time-consuming simulations.

In a previous work [2], data on the mechanical load behavior of a specific group of composite laminates
with different layer orientations were collected. These data were used with ML algorithms to develop
regression models that accurately predict stress based on specific parameters. After analyzing these regression
models, the model based on the Regression Neural Network (RNN) has demonstrated a strong ability to
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generalize to new layer orientations of the Composite Laminates (CLs). The question that arises from having
such a prediction tool is whether it can be used to find the combination of orientations (angles) that optimizes
an objective function. The latter, along with the optimization method, could be integrated into a design
process for CLs. Our paper provides a constructive answer to this question.

This paper proposes an optimization framework (OFW) for solving optimization problems related to
CLs. To test the OFW, two optimization problems are formulated and solved through simulation studies. The
framework has a few characteristics:

« A specific version of the PSO algorithm enables the search mechanism that leads to optimal solutions.

o The RNN, developed in our previous work, models the mechanical load behavior of CLs.

o The OFW has two modules that communicate with each other: one implements the PSO algorithm, and
the other, called the Prediction and Computation Module (PCM), undertakes all components related to
the optimization problem at hand.

The PCM handles all aspects related to the OP, including prediction with the RNN, constraints checking,
and calculating the objective function. This way, the OFW is systematically organized. If a new optimization
problem must be solved, only the PCM needs updating; the module implementing PSO only has to update
the instructions that call the PCM and adjust its parameters’ values based on the OP to solve.

The main objective of this presentation is to propose the OFW and its constitutive algorithms. The
emphasis is placed on implementing the PCM because the PSO algorithm is widely known, and this paper
briefly recalls the effective version used—the Adaptive Hybrid Topology PSO.

To describe the OFW and implement the PCM, the authors proposed two optimization problems
dedicated to CLs with various layer orientations. The specimens selected for optimization belong to a specific
group called “Oft-axis oriented specimens” To keep them simple, the two OPs have formulations with
straightforward constraints and objective functions, but the computational complexity required to find the
optimal solution is not trivial. To ensure strong generalization ability, the RNN previously developed by
the authors is utilized. The RNN model is already stored in a “workspace” file, from which it is loaded into
programs implementing the OFW.

Using artificial intelligence in composite material science, including ML and deep learning, has also
significantly expanded the use of regression algorithms. Our article follows the general trend of using these
models along with optimization techniques.

From the perspective of materials science specialists, the literature on composite materials includes two
main categories of articles using Al techniques: one focused on determining material properties (e.g., Young’s
modulus) and the other on understanding relationships between different parameters, such as mechanical
behavior (for example, stress-strain curves).

Ref. [3] demonstrates how neural networks can enhance the accuracy of predicting dynamic mechanical
properties. Ref. [4] reviews different ML and deep learning methods for predicting composite material
(CM) properties such as strength, stiffness, elasticity, plasticity, ductility, brittleness, toughness, and hardness.
ML algorithms can also predict the Young’s modulus of polymer composites reinforced with carbon
nanotubes [5], enabling the development of new materials.

Ref. [6] utilizes different ML models, including Random Forest, Gradient Boosting, and XGBoost, to
evaluate how multi-stacking learning techniques perform relative to traditional approaches. Other meth-
ods [7] yield predictions by examining an image of the material’s microstructure and utilizing knowledge of
the constitutive models for fibers and matrix, without engaging in physically-based calculations.
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The Convolutional Neural Network-Long and Short-Term Memory [8] model forecasts the mechanical
properties of carbon fiber composites, achieving predictions within 5% of the actual tensile experimental
results. Predictions are made with various ML models [9], including Ridge Regression, Bayesian Ridge
Regression, Lasso Regression, CatBoost, K-Nearest Neighbors, Decision Tree, Random Forest, and Support
Vector Regression. The K-Nearest Neighbors and CatBoost models offered the most accurate predictions for
E and 0.

Convolutional neural networks, along with principal component analysis, can effectively predict stress-
strain responses based on microstructural images of composites [10].

The programs included in the proposed OFW are written in MATLAB R2015b. In this field, the
algorithms are strongly dependent on the language and libraries used to develop them. For technical details
on regression models and RNNS, the reader can consult references [11-15]. This should help better understand
the proposed algorithms.

The literature provides a vast array of references on PSO. The references mentioned hereafter can
help newcomers in the field learn the basic concepts of this metaheuristic and understand the AHTPSO
algorithm; the latter implements the search mechanism of the optimal solution. The basics of PSO can be
found in [16-18]. Besides other references, the concepts of hybrid topology and adaptive PSO are explained
in [17-20]. Numerous papers describe the use of different PSO versions across various fields. Ref. [21],
for example, highlights numerous applications of metaheuristic algorithms, including PSO, in process
engineering. Applications of metaheuristics combined with ML predictions-like in this article-are discussed
in [22,23].

The authors consider that this work has the following contributions:

o  The structure of the optimization framework and the method employed to solve optimization problems
involving composite laminates.

o A specific implementation of the OFW through collaboration between the searching mechanism
(AHTPSO) and PCM. The PCM handles all parts of the addressed OP: the RNN model for mechanical
load behavior, constraint checking, and the calculation of the objective function.

o The presentation and analysis of two case studies that demonstrate the effectiveness of our approach in
addressing optimality aspects in designing the CLs.

2 An Accurate Regression Model of Stress-Strain Dependence

In their previous research project, the authors created an accurate regression model of stress-strain
dependence for composite laminates with layers of different orientations. This model is an RNN that has
excellent generalization capabilities [2] and was taken over in this study for the PCM’s implementation.
To develop regression models using ML algorithms, data on the mechanical load behavior of composite
laminates with different layer orientations were collected through tensile tests and simulations.

The CL specimens are made of AS4 carbon fiber and 8552 epoxy resin matrix. A group of twelve
specimens was analyzed using precise finite element simulations. Each specimen is characterized by its
combination of layer orientations (angles), a;, a, ..., a16. Two specimens with their layer orientations are
provided in Fig. Al of Appendix A.

For the simulation study, M data points were generated for each specimen. The M data points for
specimen S, where k =1, ..., 12, only cover the linear (elastic) zone of the stress-strain curves. They have the
following structure:

a, 0, ..., A1, Strain(Sg, j), stress(Sk,j),j = L, ... M
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Within the same research project, there are prediction models that also deal with the nonlinear (plastic)
region. However, in most applications, the elastic area is used, and that is why it is the preferred option

for optimization.
There are 12-M data points, which allowed us to construct regression models that predict the stress value
of any specimen having the sixteen orientations and the load characterized by the given strain value. Our

approach was based on supervised learning algorithms, considering the stress value as the label for each data
point. In the present study, the authors used the more accurate ML model, which is an RNN. In the sequel,

it will be referred to as RNN2, like in the article where we presented it [2].
Fig. 1 compares the true and predicted values of stress, “Response (Ss)”, for all the data points.

RNN2 demonstrates very good accuracy and justifies its selection in the actual optimization study. Fig. A2

in Appendix A also shows the good accuracy in the testing phase of RNN2.
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Figure 1: Training of RNN2: Predicted vs. real values for the twelve specimens

The generalization ability of the RNN2 model has been demonstrated for data points outside of the

training and test datasets.
successfully to find the combination of orientations (angles) that optimizes an objective function. The latter

The question that arises from the existence of such a prediction tool is whether it can be used
can be incorporated into a design process for the composite laminates. Our work provides an answer to

this question.
3 Optimization Framework

The main objective of our paper is to propose an optimization framework that combines a metaheuristic
algorithm, specifically Particle Swarm Optimization, with an ML model of the CL, which is an RNN. The

latter is a stress—strain regression model for the CL being considered. Fig. 2 below illustrates the proposed

optimization framework.
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Figure 2: Structure of the optimization framework

Fig. 2 shows that the optimization framework is composed of two modules: the PSO algorithm and the
Prediction and Computation Module (PCM). Informally, an OP is defined by three components:

o The model of the object or system subjected to optimization.

o The mathematical constraints that the optimal solutions must satisfy.

o The objective (cost) function is a mathematical expression that depends on decision variables and must
be minimized or maximized.

The Prediction and Computation Module (PCM) handles all three components. The object model used
for optimization is the model of the stress-strain relationship for the CL at hand. This is RNN2 in our case.
As a programming unit, PCM is a function that receives the parameters defining a candidate solution, that
is, a combination of orientation, and returns the predicted stress value and the cost function value J.

The AHTPSO module executes the full search process for the best solution. As is well-known, this is an
iterative process that calls the PCM at each step to improve the swarm’s best solutions until it converges to
the global optimal solution.

We must highlight that the novelty of this optimization framework lies in its systematic organization.
The AHTPSO algorithm manages the search mechanism for the optimal solution and collaborates with the
PCM, which reflects only the OP that must be solved. The authors do not aim to propose a PSO algorithm that
is better than others. Different versions of PSO, like the AHTPSO algorithm, have proven effective in many
applications for solving NP-hard problems. At convergence, the optimization framework finds the optimal
solution, whose cost function value defines the performance index (J*) of the object or system.

To demonstrate its effectiveness, the proposed OFW will be used in the sequel to solve two case studies
for Off-Axis Oriented Specimens. Solving the two OPs will help us in addressing specific implementation
aspects of the two modules within the OFW.

4 Implementation and Results

An important aspect in the implementation of the proposed OFW is the communication between the
AHTPSO and the PCM. The input arguments of the PCM, including the regression model, depend entirely
on the OP’s nature. These arguments, which must be prepared, also make the AHTPSO algorithm dependent
on the OPAs usual, its parameters need to be adjusted based on the solved OP.

4.1 The AHTPSO Algorithm

We assume that readers interested in solving OPs using metaheuristics are familiar with the general
PSO algorithm. To keep the paper self-contained, only elements that have improved the efficiency of PSO
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over time and were used in this study are recalled in the sequel. For example, references [16-18] can provide
newcomers in the field with the basics of the PSO algorithms and how they can be used.

4.1.1 Hybrid Topology

The algorithm used in this work is based on hybrid topology particle swarm optimization (HTPSO)
[18-20], which is an improved version of the general PSO metaheuristic with better communication abilities
among particles. The global topology corresponds to a network where particles communicate through the
global best solution (Pgbest) encountered at a certain step of the swarm’s evolution. HTPSO also uses a local
topology of the swarm, regarded as a communication network. The local topology involves the existence,
for any particle #i, of a “social neighborhood”, i.e., a set of 3-5 particles that inform particle #i about their
best personal experience. These neighborhoods are defined in a deterministic or random manner at each
step of the algorithm (see [23]). The particle #i will determine the local best solution, Plbest (i), as the best
experience of the particles belonging to the “social neighborhood” and the particle itself. It holds that:

Plbest (i) = (Plbest(i)l,...,Plbest(i)d ... ,Plbest(i)”); d=1,---,n

A new term appears in the speed equation containing Cs; and rands (see [18]). Hence, the update of the
speed and position at the next step, t + 1, is performed using the following equations:

V(i)d 1 = [w-v(i)d + Cy-rand; - (Pbest(i)d -x (i)d)]t+
+ [Cz -rand, - (Pgbestd -x (i)d) +Cs -rands - (Plbest(i)d -x (i)d)]

x (1) e = x (D) e +v ()]s

d=1,...,n (1)

>
t

4.1.2 Adaptation of Particle Speed-AHTPSO

The HTPSO can be enhanced with an efficient technique, the adaptation of particle speed, which will
produce the Adaptive HTPSO. This technique modifies the coeflicients C, C,, C;, and w during the searching
process (see [18,19]). The objective is to adapt them to the phase of the search process and prepare the
algorithm’s convergence. The adaptation is achieved by a linear increase in the coefficients C;, C,, and C;
between their minimum and maximum values. At the same time, the parameter w decreases as shown below:

C1(t) = Clmin+ (Clmax—Clmin) ¢/T;C2 (t) = C2min + (C2 max—C2min) ¢/ T;
C3(t) = C3min+ (C3max-C3min) t/T;w (t) = w max — (w max —wmin) - t/T

T is the estimated or maximum number of steps until convergence.
This work uses an AHTPSO algorithm, which improves the convergence.

There are also other new improvements, but it is not the purpose of this research to provide a very
competitive version of the PSO algorithm. The validation of the optimization framework for CLs is our
main goal. Anyhow, the runnings of AHTPSO proved that the efficiency of the proposed algorithm is
very satisfactory.

4.2 Prediction and Computation Module

The PCM is implemented by a function that handles the three components of an OP mentioned above.
This function incorporates all the elements that define the problem and all the computing details. As a result,
the AHTPSO module manages the search process, while the PCM incorporates the OP’s features. This fact
gives the proposed optimization framework a systematic character.
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Because the OP refers to CLs mechanical behavior, two input arguments are mandatory. One is the
RNN, that is, the model of the stress-strain relationship for the CL. Another argument is the strain value
that characterizes the CLs load. In this way, PCM has all that is necessary to predict the stress value, which
is further used to calculate the cost function. The other input arguments vary based on the OP’s nature and
are used for checking constraints and computing the cost function (J).

4.3 Case Study 1
4.3.1 The Context of the Off-Axis Oriented Specimens

This subsection explains the reasons that led us to formulate the OPs as shown in the following sections.
The arguments should be viewed in the context of composite materials science [2].

To understand the first OP statement, first, we present the context of the mechanical behavior of a certain
group of composite laminates. It is about the group of “Off-axis oriented specimens”: S2 ([+20]g), S3 ([£30]s),
S4 ([+£45]3), S5 ([£60]s), and S6 ([+70]s). The fibers are oriented at angles diverging from the principal stress
direction. This is a special case where there are two angles (a and —a), and the sequence is repeated eight
times. But the pattern can be generalized using eight positive values as follows:

[Gll/—ﬂl/az/,—az/,...,ag/—ﬂg] (2)

The stress-strain curves for three off-axis oriented laminates, S2, S3, and S4, are shown in Fig. 3. They
exhibit different mechanical behaviors as fiber orientations gradually diverge from the load axis. These
CLs show a decrease in stiffness and tensile strength as the fiber alignment shifts further off the load axis.
Within the elastic region, the stress-strain curve remains linear, but the stiffness drops evidently with larger
fiber angles.

Off-axis oriented laminates
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Figure 3: Stress-strain curves for three off-axis oriented laminates

This reduction can be explained because the fibers are not fully aligned with the tensile load, which
causes the matrix to bear more load. As the fiber angle increases, the stiffness continues to decrease. The
fibers are now mainly aligned to resist shear loads rather than axial loads.
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Comparing the stress values across these curves requires a reference interval for strain variation. Since
the maximum strain values defining the elastic zone for S2, S3, and S4 are 0.0187, 0.0170, and 0.0279,
respectively, we used the common interval [0, Strain0], where Strain0 is the maximum value for S3 (0.017).

In Case Study 1, we state an optimization problem (OP1) that will find the orientations of CL, like
in Eq. (2), under certain conditions. The optimal solution must make a trade-off between the specimen’s
stiffness and good behavior to shear loads. We consider that the optimal solution must meet two conditions:

e The stress for the maximum strain, Strain0, must be a minimum of 1000 MPa.
o Its stress—strain curve must be the closest to the S3’s curve.

Remark 1: The first constraint sets a minimum stiffness requirement, so the optimal solution curve will
tend to stay close to the S2 curve, which has a maximum value of 1500 MPa. The second constraint reflects the
need for good resistance to shear loads, which means finding a solution as close as possible to the S3 curve.

The orientations of a CL meeting the pattern from Eq. (2) can be coded by the sequence of positive
angles, [a; a, ... ag]. If we consider two specimens meeting Eq. (2), a natural way to express the distance
between the two specimens’ orientations is the following value:

8
D=>(a;- b;)?
i=1

inspired by the Euclidean distance. In our case, S3 is the reference specimen whose pattern is encoded by
[30/30/...30]. The stress-strain curve for the elastic and plastic zones can be considered as a function, y =
stress(u), where u is the strain value and y is the resulting stress value.

After these preparations, OP1 can be stated as follows.

I. Model of the object (system) subjected to optimization

The object is defined by all specimens for which it holds:

e X=[x,%x...x3] cQ=[0,30]"(x; €R,i=1,---,8)
o The RNN2 is a regression model of the stress-strain curve.

II. Constraints
Stress0 > 1000, with StressO = stress (Strain0).

II1. Objective function

8
J(X) = ¥ (x; - 30)*; Optimim criterion: J, = I)I(li(r)l] (X).
i=1 €

4.3.2 Description of the AHTPSO Algorithm

The reason the pseudocode of the AHTPSO algorithm is provided hereafter is not due to the novelty
of this algorithm, even though it integrates the two improvements of PSO. However, its structure aligns
with the PCM’s organization and the structure shown in Fig. 2. Algorithm 1 provides the pseudocode of the
AHTPSO-CL algorithm.

Instruction #1 initializes N: the number of particles, n: the dimension of candidate solutions, T: the
maximum number of steps until convergence, NF: the variables used to determine the convergence, the
parameters used to limit the position (xmin and xmax) and the speed (vmax) of particles and to adapt
the algorithm.
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Algorithm 1: AHTPSO-CL

/* Function: Adaptive Hybrid Topology PSO for Composite Laminates */

/* Function call: Pgbest < AHTPSO-CL (xRef, MLmodel, Strain0, Stress0) */

Input: xRef, the reference stress-strain curve, MLmodel, the ML regression model, Strain0, the upper limit
of the strain interval, Stress0, the minimum admissible stress value.

Output: Pgbest, the global best solution.

L. #Initialization

2 Generate the initial particles’ velocities uniformly distributed in [-vmax, vmax]".

4 Generate the particles’ initial positions.

5 for i=1,---,N

6 Pbest (i) « X (i);

7 [~, fitness(i)] < JXRefCurve(X(i), xRef, MLmodel, Strain0, Stress0);

8 BEST(i) < fitness(i); /* Initialize the best personal value */

9 end

10 ip<arg max {BEST(i),i=1, .., N}; Pgbest < X (iy); GBEST < BEST(iy);

11 found < 0;  /* When found equals 1, the algorithm has converged */

12 t <« 1; /* The number of the current step */

13 while (t <=T) & (found = 0)

14 #Coeflicients tuning: w, C;, G, G;.

15 for i =1, ---, N/* move the particles swarm*/

16 Plbest(i) < #Generate_Plbest(i);

18 #Update and limit the particles’ speed using Eq. (1)

20 X (i) < X (i) +v (i) /* Update the position at the next step */

21 #Limit the particles’ position (X (i)) using xmin, xmax

23 [~, fitness(i)] < JXRefCurve(X (i), xRef, MLmodel, Strain0, Stress0);
24 if fitness(i) < BEST (i) then

25 Pbest (i) < X (i); BEST(i) « fitness(i); NF(i) = 0;

26 else NF(i) = NF(i) + 1; /* The steps without improvement*/
27 if fitness(i) < GBEST then

28 Pgbest < X (i); GBEST « fitness(i)

29 end if

30 end if

31 if min{NF(i), i= 1, ..., N} =MINNF then found < 1end if;
32 t< t+1

33 end while

34 return Pgbest

Instructions #7 and #23 call the cost function specific to the optimization problem OPI. This is named
JXRefCurve, and it is described by Algorithm 2 in the next subsection. The arguments X(i), xRef, and
MLmodel are, respectively, a candidate solution, the pattern of the reference curve, and the ML regression
model of the composite laminate (an RNN in our case). Besides the cost value, J, the function JXRefCurve
also returns the stress value for the point Strain0, which is useful in our study.

Instruction #10 determines the initial global best solution, Pgbest, and its cost value GBEST. The function

#Generate_Plbest(i), which is not detailed here for simplicity, is called by instruction #16 and generates the
local best solution using three informer particles (social neighbors).
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4.3.3 The Objective Function for Case Study 1

Algorithm 2 is the pseudocode for the PCM corresponding to OP1. Its input and output arguments were
presented in the previous section.

Algorithm 2: JXRefCurve

/* Function call: [ssp0, J] < JXRefCurve (x, xRef, MLmodel, Strain0, Stress0) */

Input: x, the vector with the positive angles of the balanced specimen, xRef, the reference stress-strain curve,
MLmodel, the ML regression model, Strain0, the upper limit of the strain interval, Stress0, the minimum

admissible stress value
Output: J, the optimum criterion, and ssp0, the predicted stress value for Strain0.

1 for i=1,---,8 do /*Create a pattern for a data point submitted to the predictor/*
2 PATTERN(2i —1) = x(i);

3 PATTERN(2i) = —x(i);

4 end for

5 datapoint <« [PATTERN, Strain0]; /* Constuct a data point for prediction */
6 ssp0 < #Prediction (MLmodel, datapoint); /*Predict the Stress ¥/

7 if ssp0 < StressO then

8 J <infinity

9 else

10 for i=1,---,8 do

1 J < J+[x(i)-xRef ()]’

12 end for

13 end if

14 return [ssp0, J];

Its input argument x is a vector comprising only the positive angles of the pattern that defines a candidate
solution. Instructions #1 through #5 are designed to assemble a data point for which a prediction will be
made. According to instruction #6, the regression model, MLmodel, predicts the stress value for Strain0.
The constraint that the stress value should be greater than or equal to Stress0 is checked by instructions #7
and #8. If this constraint is not met, then the cost J equals infinity. Otherwise, the value of J is computed by
instructions #10-#13 using the Eq. (3).

J(x) = Z - xRef, (3)

Let us notice that all three components of OP1—model, constraints, and cost function—are addressed
within this algorithm, which corresponds to PCM.

4.3.4 Optimal Solution

The entire optimization framework was implemented using MATLAB R2025b software, like the
component running the RNN2 regression model. A typical execution of this program, which repetitively
calls the objective function JXRefCurve, provides the following results:
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Angles:
25.22/-25.22/27.53/-27.53/26.13/-26.13/26.94/-26.94/26.99/-26.99/26.86/-26.86/25.63/
-25.63/28.08/-28.08/

Stress maxim = Stress(Strain0) = 1000.0 MPa (4)

The performance index J; = 95.05.

The objective function is evaluated 6040 times during the search for the optimal solution. The call count
to this function reflects the computational complexity of the solution-searching process.

Fig. 4 displays the stress-strain curve for the optimal solution and the off-axis specimens’ curves. The
green curve lies between S2 and S3, with the maximum stress reaching exactly 1000 MPa.
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Figure 4: The optimal solution curve for OP1 compared to other oriented laminates

Let’s notice that the new specimen’s curve isn’t perfectly linear because the orientations are symmetric
but different every two layers.

4.4 Case Study 2

In this case, we consider the pattern [a/—a/a/-al...a/—a], which characterizes the off-axis composite
laminates S2-S6. For a specimen characterized by the angle a, the stress value for Strain0 can be regarded as
a function S(a) = stress(a, Strain0), with Strain0 = 0.017.

We consider the second OP (OP2), which searches for the specimen with the pattern as before and
whose maximum stress value, S(a), is closest to an imposed value Sy. OP2 can be stated as follows.

I.  Model of the object subjected to optimization

The object is defined by all specimens for which it holds:

e acQ=[20,30]
o The RNN2 is a regression model of the stress-strain curve.

II. Constraints

There are no constraints except for the research domain, a € Q.
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II1. Objective function

J(a) =S (a) — So|, where Sy = 1000.; Performance index: J, = mi(r)l] (X).
ae

The solution will specify the value of a that yields the performance index J.

Within the optimization framework, we retain the same AHTPSO algorithm, but we need to redefine
the PCM, which is the function called by the intelligent searching mechanism. Algorithm 3 is the pseudocode
description of the PCM for this problem.

Algorithm 3: JFixPoint

/* Function call: ] <« JFixPoint (x, MLmodel, Strain0, Stress0) */

/* Calculate the cost function for a specimen with the pattern [x. —x, x, —x, ..., x, —x] */

Input: x, the positive angle of the balanced specimen, MLmodel, the ML regression model, Strain0,
the given limit of the strain interval, Stress0, the imposed stress value for the Strain0.

Output: J, the value of the cost function for the given arguments.

ssp0 < #Prediction (MLmodel, datapoint); /*Predict the Stress */
J < |ssp0 — StressO|; /* The distance to the target.*/
return J;

1 for i=1,---,8 do /*Create a pattern for a data point submitted to the predictor/*
2 PATTERN(2i —1) =x;

3 PATTERN(2i) = —x;

4 end for

5 datapoint <« [PATTERN, Strain0]; /* Construct a data point for prediction.*/
6

8

9

Instructions #7 and #23 of Algorithm 1 must be slightly modified to call the function JfixPoint. The
argument xRef has disappeared, and x is now just a scalar. The other parameters of the AHTPSO remained
unchanged because they are suitable for OP2 as well.

The complete optimization framework was developed with MATLAB R2025b, similar to the component
that executes the RNN2 regression model. A typical run of this program, which repeatedly invokes the
objective function JFixPoint, yields the following results:

Optimal a = 26.43; ], = 1.136868e—13; Sy = 1000.00 MPa.
The optimal orientation: 26.43/-26.43/.../26.43/-26.43/

The PCM was called 4260 times during the search for the optimal solution. Fig. 5 shows the optimal
solution curve for § = 1000 MPa in green, alongside the other curves.

Obviously, the OP2 might have different input data, such as S = 900.00 MPa. In this case, the
optimization framework provides the following solution:

Optimal a = 27.87°; ], = 1.136868e-13; §y = 900.00 MPa.
The optimal orientation: 27.87/-27.87/.../27.87/-27.87/
Call count to PCM = 4320.
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Figure 5: The stress-strain curve for OP2’s optimal solution (a = 26.43) and for the other laminates

5 Discussion

General aspects concerning the utilization of the OFW

Our work is placed in two scientific fields: (1) materials science, and (2) Al, represented by ML-
regression models and metaheuristic algorithms like PSO. Each one has its own theoretical and practical
distinct background. This paper is the continuation of a research work whose results were communicated
in [2]. Roughly, [2] is a simulated study that gives some directions towards the construction of ML regression
models for a family of composite laminates. Here, aspects related to materials science were largely presented
and discussed. The model RNN2, which has a good generalization accuracy, was taken over for this study. As
we mentioned in the Introduction section, our main objective was to answer a question: Can this prediction
tool be used to find the combination of orientations (angles) that optimizes an objective function? Let’s note
that RNN2 is implicitly “specialized” on the family of CLs.

We have proved that the answer is positive using two constructions:

B An optimization framework (OFW) with two modules, AHTPSO and the PCM.
m  Two OPs concerning the orientations of the CLs have been proposed

Concerning the utilization of our work’s results, it is important to notice:

1. The optimization framework (OFW) has a general character; specialists in CMs can use it to solve
their own problems. To do this, they can change the ML regression model to be appropriate for the
new problem.

2. Because this work is a simulation study, the problems OP1 and OP2 have been defined and solved to show
how the OFW can be used and prove its effectiveness.

3. Solving another OP is possible after developing an ML regression model adequate to the new problem.
RNN2 covers only the OPs concerning the family of CLs presented in [2] and this article. If the specialist
in CMs addresses an OP concerning another type of CM, they need to develop a new ML regression
model, not necessarily an RNN, according to the new problem. This new regression model will make
predictions within the new problem context.

Remark 2: Specialists in CMs could use the capabilities of OFW in solving OPs on the design of custom
composites used for different purposes. If the new CM belongs to a family for which there exists an ML
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regressive model, this model will be used to solve the OP. Otherwise, a new regressive model must be
constructed. This is not a simple task because the new model must embody the desired behavior of the new
CM. The new model is not necessarily a stochastic model that predicts; it could also be a deterministic model
(if any).

Remark 3: In the context of Remark 2, whatever the CM’s model would be, the success of finding optimal
parameters mainly depends on the specialists in CM’s ability to formulate the OPs. They will determine what
to minimize or maximize, which defines the objective function. Setting the problem constraints is equally
important and can be critical in determining the computational complexity when solving the OP.

Implicitly, Remarks 2 and 3 reinforce the equal importance of the three components of an OP: the family
model to which the object belongs, constraints related to the object’s properties, and the objective function.
The formulation of OP1 serves as a good example from this perspective.

If we want to extend the use of the OFW to other material properties, other than fiber orientations, due
to the systematic organization of OFW, this concerns only the modification of PCM. The steps to follow are:

m  Develop another ML model for the same CLs family or a new family, which will be integrated into the
PCM. This model will consider the new material properties involved in data points. It is the CM specialist’s
responsibility to establish the material properties that are subject to optimization and to define the
structure of the data points.

m  Formulate the OP whose solution is relevant to the design procedure.

m  Modify only the PCM to reflect the OP’s formulation, in all three components.

m  Execute OFW to obtain the optimal solution.

Of course, the AHTPSO will support very minor modifications, which involve changing the values of
certain parameters during initialization (that can be interactive). The program is not modified.

Remark 2 stated that the new model can be a deterministic one capable of expressing the desired
behavior of the CM. This will perhaps be the topic of a new research project.

The general structure of the PCM

Examining the structure of the two PCMs, we find that we can define fixed parts and even a fixed order
of their internal tasks.

The PCM function has the important task of predicting the stress value based on the strain and other
parameters used in the regression model RNN?2. For this type of application involving composite laminates,
regardless of the objective function, employing an RNN model involves two specific tasks:

« A data point is “assembled” corresponding to the current candidate solution, in order to harness
the RNN.
o« The call of the prediction method associated with the RNN object, to obtain the stress value.

For this reason, the two PCM functions, JXRefCurve and JFixPoint, both include instructions #5 and #6
that perform the two tasks. This remains true regardless of the objective function (the nature of the problem).
The presence of these two tasks is a common feature of the PCM.

The tasks of the PCM are fixed and have a fixed order. Examining the structure of the two PCM
functions, it results in the following sequential tasks:

Prepare the call of the prediction method.

Make the prediction.

Treatment of the problem’s constraints (if any).

Computation of the objective function value, ], for the current candidate solution.

L S
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5. Return J and the other values of interest.

This list is a kind of template for the PCM that can be used by the user when solving their own OPs.
The optimal solution curves for OPI and OP2 are distinct.

Figs. 4 and 5 display the optimal solution curves for OP1 and OP2, respectively. Both curves—optimal
solution curves 1 and 2—reach the same endpoint, (Strain0, 1000). For OP], the constraint is Stress0 > Sy =
1000, but the optimal solution will always find Stress0 equals Sy. This happens because of the reference curve,
xRef, which “attracts” the optimal solution curve toward it; OPI’s objective function acts to minimize the
distance between the two curves.

However, the two curves differ, even though they start and end at the same points, (0, 0) and (Strain0,
1000), respectively. Fig. 6 shows the difference between optimal solution curves 2 and 1, indicating that
optimal solution curve 2 is mostly above 1.

10 Diferences between optimal solution curves

8_ .

()
T
L

stress [MPa]
N

2t 4
0= Bw‘:
-2 L L L

0 0.005 0.01 0.015

strain
Figure 6: The “distance” between the optimal solution curves 2 and 1

Statistics of the OFW's stochastic solutions

To explain the different quantitative behavior of the program implementing the optimization frame-
work, we need to remember its stochastic nature. For example, running the program 30 times for solving
OP1 produces 30 slightly different values of the performance index Jy.

The minimum, average, maximum and typical values and standard deviation for the performance index
Jo are given in the first line of Table 1. Another fact that illustrates the stochastic nature of the optimization
framework is the call count for the function implementing PCM. The latter integrates the computation of
the optimum criterion. The statistics for this number, Ncalls, are shown in the second line of Table 1 for the
same 30 runs.

Table 1: OP1-Statistics on the performance index and call count for the PCM function

Min Avg. Max Typical Sdev
Jo 94.522 94.738 95.653 94.74 0.274
Ncalls 3300 5987 8760 5940 1445

The typical value from a batch of 30 runs is the one nearest to the average value. The latter does not refer
to a specific execution but is a result of mediation. The standard deviation of Ncalls is quite large because the
swarmss initialization has the simplest implementation, which means selecting 30 particles—vectors with 8
elements—using a uniform random distribution within the research domain [20, 30]%.
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Regarding OP2, we initially used a large swarm of 30 particles, which produced the results shown
earlier. The solution’s precision is so high that the performance index hits the lowest number the arithmetic
processor can represent. To obtain a very good solution in a very short execution time, we considered in our
simulations only 7 particles. Table 2 summarizes the results yielded in 30 runs of the program implementing
the optimization framework.

Table 2: OP2-Statistics on the angle a, performance index, and call count for the PCM function

Min Avg. Max Typical Sdev
a 26.4301 26.4304 26.4312 26.4304 0.0002
Jo  1.274074e-07 4.600905e—03  5.651415e—02 3.737492e-03  1.174176e—02
Ncalls 140 254.8 413 252 67.2

Other optimization problems derived from OP2

OP2 has been solved for different imposed values of Sy at the considered Strain0, using the same
composite laminate modeled by RNN2. The values of S, were chosen to span the range between S2 and S3,
specifically 900, 1000, 1100, 1200, and 1300 MPa. The five runs with a large swarm (30 particles) produced
the curves shown in Fig. 7.

1500 , : (I)ptlmal Isolutlonls curves for 0P2I

O s2 o
0 s3 g
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—+—5-1100
1000 im0 e
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Figure 7: Optimal solution curves for OP2 and different values of S,
The solutions are given in Table 3, which provides the angle a.

Table 3: OP2-The solution g, and the performance index for the five runs

So [MPa] 900 1000 1100 1200 1300
a 27.87° 26.43° 24.98° 23.52° 22.04°

Limitations of using OFW

Our simulation results proved that the two case studies can be treated efficiently. Certainly, the
effectiveness of the search mechanism is crucial, and PSO offers versions that perform well in solving the OP.
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However, this is only part of the problem. The other part involves the accuracy and the generalization power
of the ML regression model. The designer of this optimization framework must ensure the use of a regression
algorithm with strong generalization capacity. In our opinion, this is the key point of our approach.

The ML model has good generalization power when used properly, meaning the specimens are within
the model representation domain. The latter is not always so large as we would need. If we consider specimens
outside the representation domain of the model, the predictions may have unacceptable errors. This is
the main limitation of the proposed optimization approach, and it isn’t easy to deal with. In our case, the
RNN2 has been shown to have good generalization power for the considered specimens [2]. However, there
is generally no way to verify if this condition is strictly met. Depending on the dataset and the practical
application, the user can a priori assume a specific representation domain of the model, and check through
tests and simulations whether their hypothesis is correct.

6 Conclusion

This work demonstrates that the layer orientations of composite laminates, belonging to a specific class,
can be determined by solving an optimization problem. The latter is solved through collaboration between
the AHTPSO and an RNN. The AHTPSO ensures an efficient search mechanism, while the RNN serves as
the regressive model for stress-strain dependence, obtained through an ML algorithm.

To organize the communication between the two components, an optimization framework was pro-
posed that allowed us to give a systematic character to this collaboration. The AHTPSO algorithm deals
with finding optimal solutions, while the PCM performs all tasks that define the OP (prediction, constraints
checking, and cost function calculation).

This work is a simulation study that formulated two OPs to show that the optimization framework
can solve them efficiently. The implementation of the OFW is achieved in MATLAB R2025b. Despite their
stochastic and approximative nature, the solutions are very accurate and achieved with very acceptable
computational complexity.

The limitation of using the proposed OFW is the quality of the ML model. The stress-strain dependences
of the new specimens involved in the optimization process must be within the representation domain of the
RNN model. Only in this way does the RNN achieve good generalization ability.

The OFW introduced in this work provides important insights that extend its applicability.

o Besides AHTPSO, other metaheuristic algorithms can be adapted to the proposed framework, such as
evolutionary algorithms.

o Instead of an RNN model, another type of ML model can be used as a predictor if it provides highly
accurate predictions and good generalization ability for the candidate specimens.

o The OFW can be applied to different types of problems, where predictions can accurately replace the
systemy’s physical states. The specialist in CMs must develop a new ML regression model in line with the
new family of CMs and the targeted material properties.

The authors’ future work is aimed at these possible extensions. First, solving the same problems with
different metaheuristics or ML models will allow comparisons between solutions.
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Abbreviations

ML Machine Learning

CL Composite Laminate

RNN Regression Neural Network

OFW Optimization Framework

OoP Optimization Problem

PSO Particle Swarm Optimization
AHTPSO Adaptive Hybrid Topology PSO
PCM Prediction and Computation Module
Appendix A

(a) (b)

Figure Al: Two CL specimens: (a) Off-axis oriented specimen; The sequence [20°/-20°] is repeated. (b) Symmetrically
balanced specimen. The sequence [0°/45°/0°/90°/0°/-45°/0°/45°] is repeated symmetrically

Characteristics of the RNN2 model

The application Regression Learner from MATLAB, using the Bayesian optimizer, found the best
hyperparameter values:
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No. of fully connected layers: 3 Activation: ReLU First layer size: 166
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Figure A2: Comparison of actual and predicted values during RNN2 test phase
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