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Abstract

Keywords
carbon fibrereinforced polymer This research explores the optimization of carbon fibre-reinforced plastic
(CFRP), optimization, hybrid (CFRP) laminates for aerospace applications, specifically targeting the skin of
multi-objective Gravitational —a mediumformat fighter aircraft. The study focuses on modifying the original
Search Algorithm (HMOGSA), equipment manufacturer (OEM) general-purpose curing cycle to enhance the

Genetic Algorithm mechanical properties of CFRP laminates. Through experimental work, an
optimized curing cycle is developed, resulting in superior tensile strength,
impact toughness, and hardness of the CFRP laminate. Initially, a single
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individual optimum  properties of the CFRP laminate. Subsequently, an
indigenous Hybrid Multi-objective GSA (HMOGSA) is devised and utilized
to walidate the experimental results comprehensively. Moreover, to
authenticate the findings of the developed HMOGSA, the experimental

results are crosswalidated using a multiobjective Genetic Algorithm

Copyright @Author (MOGA). The research findings highlight the efficacy of the proposed

Corresponding Author: * HMOGSA approach in optimizing CFRP laminates for aerospace

Sahar Noor applications. This stud contributes to advancing the understanding and
practical implication of optimizing techniques in the design and fabrication
of high performance composite materials for aerospace engineering.

1. INTRODUCTION the high-strength carbon fibres and the

Carbon fibre-reinforced polymers (CFRPs),

represent a class of advanced materials

lightweight polymer matrix. Carbon fibres,

composed of tightly bound carbon atoms in
crystalline structure, possess significant tensile
strength and stiffness, surpassing traditional

renowned for their exceptional strength,
stiffness, and lightweight properties [1].

Comprising a matrix material, typically a
polymer resin, reinforced with carbon fibres,
CFRP:s find extensive applications across diverse
industries including aerospace, automotive,
sporting goods, marine, and renewable energy
sectors [2-5]. The excellent mechanical
properties of CFRPs originated from the
combination of two distinct materials namely

materials such as steel and aluminium [6,7].
Additionally, carbon fibres exhibit low thermal
expansion, excellent corrosion resistance, and
superior fatigue properties, making them ideal
for demanding engineering applications [8].

The manufacturing process of CFRPs, typically
involves  several stages, including fibre
reinforcement, resin impregnation, and curing
[1]. Various techniques and processes such as
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automated processes, filament winding, hand
layup, resin transfer moulding (RTM) or
automated fibre placement (AFP) are employed
to achieve delicate control of resin distribution
and fibre-orientation, ensuring optimum
mechanical properties tailored to specific
applications [9].

Optimizing the curing parameters of CFRPs is
crucial for achieving high-quality composite
materials with desired mechanical properties
while minimizing manufacturing costs and cycle
times [10]. Key parameters include curing
temperature, duration, pressure, resin type and
formulation, fibre  orientation, layup
configuration, and post-cure treatments [11].
Balancing factors like temperature and time
ensures complete resin polymerization without
thermal damage or excessive cycle times.
Pressure aids in void elimination and resin
consolidation [12]. Resin type selection and
formulation adjustments optimize curing
behaviour [13]. Fibre orientation and layup
configuration influence mechanical properties
and waste reduction [14]. Post-cure treatments
can further enhance properties [15].

Lately, the use of nature-inspired algorithms for
validation of experimental results has increased.
These algorithms have better problem-solving
capability, accuracy and consume lesser time
than their classical counterparts.

The classical algorithms have limited
applicability due to lesser inflexibility [16]. Many
researches have highlighted that nature-inspired
algorithms  conveniently solve  complex
computational problems including clustering,
control functions, pattern recognition, objective
functions optimization, classification, filter
modelling, and image processing [17,18]. In the
last decade many nature-inspired algorithms
have been developed such as Particle Swarm
Optimization (PSO), Ant Colony Optimization
(ACO), Genetic Algorithm (GA), Simulated
Annealing (SA), Artificial Bee Colony (ABC),
and Big Bang Big Crunch (BB-BC) optimization
etc.

GSA is a heuristic optimization method, which
was introduced in 2009 by Rashedi et al. [19] to
solve optimization problems. This nature-
inspired algorithm utilizes the law of gravity and
mass interactions. More than 38 versions of
GSA have been presented so far by researchers
to improve the performance and capability of

the original version [20,21]. The initial GSA
research paper was a single objective algorithm,
which was later hybridized by many researchers
to increase its capability and scope to handle
complex optimization problems (MOOP). These
modified versions have been successfully used to
solve  engineering problems of route
optimization,  data  clustering, = process
optimization,  optimization of  retaining
structures, optimization of an industrial
flotation column, size optimization of truss
structures, and hydraulic turbine governing
system parameters identification [16,22,23].
The non-traditional nature-based optimization
algorithms have become popular in solving
engineering design optimization problems since
1975 [27]. Simulated Annealing and Genetic
Algorithms are such two examples, and now
GSA is also getting its due share amongst these
non-traditional nature-inspired optimization
algorithms. capability to escape from local
optima, memory-less algorithm, shorter
computational time and consistent results
[16,22] are the advantages, which make GSA
suitable for this study. The use of GSA for
finding optimal curing parameters of a
composite laminate is novel, as it has not been
used for the purpose so far.

In this research work, Pareto dominance is
incorporated into multi-objective GSA, which
transforms it into a hybrid multi-objective GSA
(HMOGSA). The HMOGSA is applied to
validate the experimental results of our previous
research work [28].

2. Materials and Methods

A prepreg unidirectional carbon fibre-reinforced
polymer (UD CFRP) lamina of thickness 0.125
mm was used as sample material in the previous
study [28]. Two laminates were prepared with
stacking sequences [0/+45/0/0/0/-45/0]; and
[0/+45/0/0/0/-45/0],,. The former laminate
was used for the fabrication of tensile test
coupons whereas the latter was used for impact
toughness and harness test coupons.

For the planning of experimentation, a three
factor, each comprising of two levels, full
factorial DOE was used. ANOVA was used to
find significant curing parameters (temperature,
time, and autoclave pressure) influencing three
responses i.e., tensile strength, impact toughness

and hardness of the CFRP laminate. The
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laminates were subjected to eight different
curing cycles (CCs) as shown in Table A1l (given
in annexure) of the previous study [28].
Subsequently, mathematical models were
developed to represent relationship between
predictors (temperature, time and pressure) and
three responses (tensile strength, impact
toughness and hardness). The mathematical
models are presented as Equations (2), (3) and
(4) of previous study [28]. Building on this
dataset and mathematical models, the current
study aims to validate the experimental data by
applying single objective GSA on the
mathematical models as objective functions.
Later, multi-objective optimization of the two
properties  (tensile strength and impact
toughness) is carried out using indigenous

HMOGSA.

3 Gravitational Search Algorithm

GSA is a nature-inspired population-based meta-
heuristic algorithm based on Newton’s law of
gravity. In this algorithm, agents are assumed as
objects and their masses are measure of
performance[19]. These interacting search
agents (masses) follow the Newtonian laws of
gravitation and motion. The masses apply
gravitational forces on each other which results
in mobility of the masses or search agents
towards the heaviest mass. The concept is shown
in Figure 1. Each solution of the problem is
represented by a mass. After every iteration, the
masses would be attracted by the larger
gravitational force of the largest mass. The better
solution is represented by the larger masses, and
the largest mass is the optimum solution.

O My

M;

Figure 1. The gravitational force of attraction between masses. The mass M, is moving towards the
largest mass M; with acceleration

The algorithm can be summarized in the following eight steps:

Step 1: Initialization
The first step is an initialization of search agent positions (independent variables) within the decision
space, which are randomly generated within the constraints of the problem.

X =x§,...xf’,...xf’ fori=1,2,.......... ,N (D

1 1
In our case, there are 24 search agents of tensile strength, impact toughness and hardness, determined in
previous study and presented in Table 1. Each search agent depends on three independent variables i.e.,
temperature time, and autoclave pressure. The position of our three search agents will be represented by
Equations 3,4 and 5.

TSi = fl(Xi);Xi = (Ti'ti' Pl) fOT'i = 1,2,3, ,24 (2)
ITi = fZ(Xi); Xi = (Ti'tiﬂpi) fOT'i = 1,2,3, ,24 (3)
Hdi = f3(Xi); Xi = (Ti'tiﬂpi) fOT'i = 1,2,3, ,24 (4)

the search agent, T is temperature, t is time, P is
autoclave pressure, n is the number of predictors

where TS is tensile strength, IT is impact
toughness, Hd is hardness, X is the position of
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or dimensions of decision variable space
(temperature, time and pressure), i is counter of
search agents, N is the total number of search
agents, 24.

The hypothetical relationship between the 24
input variable vectors and the resulting 24

output properties vectors is illustrated in Figure
2. Each input variable vector consists of three
dimensions i.e., temperature (T), time (t) and
pressure (P). These input variables are related to
the properties of the CFRP through Equations
(3) to (5).
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Figure 2. The 24 search agent positions (input variables ‘0’) and the resulting 24 search agents
(output variables/ properﬁ@s ¢ ‘) from Equations (3) to (5). The search agent position (Ts,ts,Ps) is a
three dimensional input variable vector corresponding to the search agent (Strs, ITs, Hds),
the properties vector of CFRP

Step 2: Fitness Evaluation
During the fitness evaluation of the objective, the best and worst fitness are computed at each iteration,
described mathematically as follows:

best(t,) = min fit (t,) 5)
worst(t,)= max fit (t,) (6)

el 24y
Where fit; (t,) is the fitness of j™ agent of iteration t,, best(t) is the best (min) fitness of all agents, for a
minimization problem, worst(t,) is the worst(max) fitness of all agents, for a minimization problem

Step 3: Computation of Gravitational Constant
The gravitational constant G(t,) is calculated at iteration t, in this step as follows:

A
G(t,)=G.e "1, (7)
Where, G, is the randomly selected initial value of the constant, a is a constant, T, is the total number
of iterations.

Step 4: Update of Masses

After each iteration, the gravitational and inertial masses are updated for each agent at iteration as follows:
M.=M,=M;=M,, i=1,2,.....,24

_ fit(t,)—worst(t,)

= 8
m(t,) best(t,)—worst(t,) o
i l”)
M (1)=m) o)
Z:;m ()

Where M,; and M,; are is the active and passive mass of the i agent respectively, M;; is the inertia mass of

:th

the i™ agent, Mi(t,) is the mass of the i™ agent at iteration t,.
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Step 5: Total Force Calculation

The total force acting on the i agent is calculated as follows:

Flt)= 2 rand F () (10)
Jekbest, j#i

Where rand; is a random number between O to 1, kbest is the set of first k agents with the best fitness
value and biggest mass

The force acting on the i™ mass from the ™ mass at iteration t, is described as follows:

3 M ,COxM ) s 3
F,,(tn)zG(tn)w(x,(ﬂ)—xi(h)) (11)

Where R(t,) is the Euclidian distance between i™ and j

th

agents, € is a small constant

Step 6: Calculation of Velocity and Acceleration
The law of gravity and law of motion is used to calculate the acceleration and velocity of the i™ agent at

“ ”»

iteration 't .

o FI) 12
alt)= 37 @) i
Vit +) = rand *v,(t,) + at,) (13)

Step 7: Update the Agents' Positions
The subsequent position of the i agent in the d™ dimension is updated as follows:

X0t +1)= X, (0) TV, +1) (14)

Step 8: Repetition

For iterative operation, Section 3.2 to Section 3.7 is repeated until the termination criteria are reached.
In the final iteration, the algo returns the position vector of the search agents (input parameters) and the
value of the search agent (properties). The steps explained above are presented in a flow diagram, as
illustrated below in Figure 2.
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Generate initial population
Evaluate the fitness of each agent
Update G, best and worst population
Calculate mass and acceleration for each agent
Update velocity and position
Meeting end of
Return best solution
Figure 3. Flow diagram of GSA
4 Multi-objective Optimization
A multi-objective optimization problem (MOOP) is generally defined as shown in
Equation (15) [45]
min/max f;(x), f2(x) ... fn(x) (15)

subject to: xeU

where; x is a solution of the problem, n is the
number of objective functions, U is the feasible
solutions set, f,(x) is nth objective function and
min/max is combined object operations

MOOQOP are solved by researchers by using
various techniques. Some of the classical
methods used to solve MOOP are Weighted
metric, €constraint, weighted sum, goal
programming, value function, interactive and
Benson’s method. Direct methods and gradient-
based methods are the two sub-classes of the
classical methods [24]. Direct methods do not
use derivative information, whereas gradient-
based methods use first and second-order
derivative information to reach its destination.
A deterministic procedure is used by most of the
classical algorithms to reach the optimum

solution. These algorithms begin with a pre-
specified transition rule random guess solution
for the search. The local information/data is
exploited during the search. Along the search
direction, a unidirectional search is then
performed. Till the achievement of the best
solution, the iterative procedure is repeated.
While using the classical methods certain
difficulties are encountered which compelled
researchers to develop more advanced
evolutionary methods. The difficulties are
summarized as follows: -

° The initial randomly chosen solution
influences the optimal solution.
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° The algorithms are stuck in local
suboptimal solutions, an easy trap for most of
the algorithms.

. The efficiency of the individual method
keeps on according to the optimization problem.
° These algorithms are Inefficient in

handling discrete search space.

In a MOQOP, there is a function vector for every
solution (x) in the decision variable space. A
trade-off for the desired solution is therefore
required by the decision maker from the
available set of solutions [25,26].

5. Results and Discussions

The three properties of CFRP laminate i.e.,
tensile strength, impact toughness and hardness,
optimized by wusing experimental results
(previous study) are summarized in Table 2. In
this section, each of the optimized properties is
validated using single-objective GSA (SOGSA)
individually. The initiating parameters of GSA
are presented below:

Number of search agents=24 (experimental
results);

Maximum iteration allowed=100;

ElitiStCheCk=1; Rpuwefl; 0(=2; G0= 10;

5.1.  Single-objective GSA Validation

The SOGSA output is illustrated in Figures 4(a)-
(). The optimum value of tensile strength,
impact toughness and hardness were achieved at
56" 58" and 23" iteration by SOGSA
respectively.

All three graphs exhibit a stepwise increase,
indicating the algorithm's iterative convergence
towards optimal solutions. It suggests that GSA
effectively enhances tensile strength, impact
toughness, and hardness. The significant
improvements in the early iterations indicate
that the algorithm quickly finds near-optimal
solutions, while the minor adjustments in later
iterations demonstrate its fine-tuning
capabilities. The plateaus in the graphs indicate
phases where the algorithm thoroughly explores
the search space before making further
improvements, showcasing its efficiency and
robustness in the optimization process.
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Optimum Tensile Strength

Optimum Impact Toughness
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Figure 4. The optimum value of (a) tensile strength (1419.59 MPa) (b) impact toughness (17.00 J) and
(c) hardness (57.72 HRB) was achieved on 56", 58" and 23" iteration respectively

The optimum value of tensile strength, impact
toughness and hardness determined
experimentally in the previous study [28] and the
optimized results validated through SOGSA are
presented in Tables 3, 4 and 5 respectively for
comparison. In terms of tensile strength, as
shown in Table 3, the optimal curing cycle
parameters i.e., temperature, time, and pressure

resulted in experimental values that closely
matched the SOGSA results. The experimental
tensile strength at 140°C was 1420 MPa, while
the SOGSA predicted 1419.59 MPa, leading to
a minimal error of 0.0288%. This small
discrepancy indicates the robustness of the
SOGSA in predicting tensile strength under
optimal curing conditions.

Table 3. Comparison of experimental and SOGSA validated results: Tensile Strength

Optimal Curing Cycle Optimum Property: Tensile Strength
Curing Exp GSA Error (%)  Exp GSA Error (%)
Parameters Results  Results Results Results

Temperature °C)  140.0 139.8 0.143

Time (min) 120.0 119.9 0.083 1420.00 1419.59 0.029
Pressure (bar) 7.0 6.9 1.429

Similarly, for impact toughness, presented in
Table 4, the experimental results and SOGSA

predictions were in close alignment. The
optimal curing temperature of 140°C yielded an
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experimental impact toughness of 17.4 ],
compared to the SOGSA result of 17.00 ],
resulting in a slightly higher error of 2.298%.
While this error is slightly larger than that

observed for tensile strength, it still falls within
an acceptable range, demonstrating that SOGSA
is a reliable method for optimizing impact
toughness.

Table 4. Comparison of experimental and SOGSA validated results: Impact Toughness

Optimal Curing Cycle Optimum Property: Impact Toughness

Curing Parameters  Exp GSA Error (%) Exp GSA Error (%)
Results  Results Results Results

Temperature (°C) 140.0 139.9 0.143

Time (min) 120.0 119.6 0.083 17.40 17.00 2.298

Pressure (bar) 3.0 3.2 6.667

Table 5 details the hardness results, which also
show a strong correlation between experimental
and SOGSA-predicted values. The hardness of
the material at the optimal curing temperature
of 140°C was measured experimentally at 57.60,

while SOGSA predicted a value of 57.72,
resulting in a negligible error of -0.002%. This
extremely low error underscores the accuracy of
SOGSA in predicting hardness under optimal
conditions.

Table 5. Comparison of experimental and SOGSA validated results: Hardness

Optimal Curing Cycle Optimum Property: Hardness

Curing Exp GSA Error (%)  Exp GSA Error (%)

Parameters Results  Results Results Results

Temperature (°C)  140.0 139.9 0.143

Time (min) 120.0 118.7 1.083 57.60 57.72 0.002

Pressure (bar) 7.0 6.9 1.429
The differences between the experimental and optimization of two or more response
SOGSA results across the three properties i.e., parameters. This research also involves

tensile strength, impact toughness, and hardness
are minor, with the percentage error ranging
from 0.002% to 2.298%. The input variable
differences, ranging from 0.083% to 6.667%,
indicate that the optimization process using
SOGSA is highly effective in predicting the
optimal curing cycle parameters. These results
validate the use of SOGSA as a reliable and
accurate optimization tool for enhancing the
mechanical properties of CFRP laminates. The
close agreement between experimental and
optimized results highlights the potential of
SOGSA in industrial applications where precise
control of material properties is crucial.

5.2.  Hybrid
Optimization

Most of the practical engineering problems are
multi-objective in nature and therefore require

Multi-objective GSA

validation of the three optimum properties of
CFRP i.e., tensile strength, impact toughness
and hardness. The results obtained in our
previous study (Table 6) [28] show that the
optimal curing cycle for tensile strength and
hardness was the same (140° C, 120 min, 7 bar).
However, the optimal curing cycle for impact
toughness was observed to be different (140°C,
120 min, 3 bar). In the existing scenario, there
are two possibilities for applying HMOGSA to
determine the Pareto Front of the properties i.e.,
tensile strength vs impact toughness, or hardness
vs impact toughness. We selected the former
combination for applying HMOGSA in this
research paper. The flow diagram of the
HMOGSA used in this research work for two

objectives is shown in Figure 5.
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Set population size
No of iterations
No of loops for each iteration

Generate initial population
of inputs and output
parameters for objective 1

Generate initial population
of inputs and output
parameters for objective 2

Evaluate fitness of each agent for both objectives

Update G, best and worst populations for each objective

Calculate mass and acceleration for each objective

Update velocity and position for each objective

Meeting end of
criteria

Return best solution for objective 1 Return best solution for objective 2

Pareto front

Figure 5. Flow diagram of HMOGSA, for two objectives

The output and optimum properties obtained
from HMOGSA are shown in Figure 6. The blue
dots on the graph represent the raw output data
obtained from the HMOGSA, and their spread
indicates the diversity and distribution of
solutions generated by the algorithm, crucial for
effectively exploring the solution space in multi-
objective optimization. The red circles highlight
the Pareto optimal solutions, are clustered
towards the upper right corner of the graph are
the best trade-offs among the objectives in a
multi-objective optimization problem.  This
positioning indicates that these solutions offer
the best trade-offs among the objectives being

optimized, specifically around tensile strength of
1410 to 1420 MPa and impact strength of 17 to
17.5 J. Due to the multi-objective nature of the
problem, there is no unique solution to the
problem but a set of non-dominated optimum
solutions (Pareto Front) was obtained, a close-up
of the Pareto Front is shown in Figure 7 and
summarized in Table 6. The identification of
these optimal points highlights the algorithm's
effectiveness in  handling  multi-objective
optimization problems by finding solutions that
balance the trade-offs between conflicting
objectives.
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solutions accumulated at the right upper corner as Pareto Front
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Figure 7. A close-up of the five non-dominated optimum solutions of the multi-objective problem

The Table 7 summarizes five sets of optimal
properties alongside their corresponding curing
cycles. The first optimal solution features a
tensile strength of 1409.68 MPa and an impact
toughness of 17.0827 ], achieved with a curing
cycle of 139.78°C, 119.45 minutes, and 6.15
bars. The second optimal solution, with a tensile
strength of 1411.09 MPa and an impact
toughness of 17.0654 ], was obtained using a
curing cycle of 139.86°C, 119.58 minutes, and
6.05 bars. Similarly, the third set yields a tensile

strength of 1413.86 MPa and an impact
toughness of 17.061 ] with a curing cycle of
139.85°C, 119.47 minutes, and 6.84 bars. The
fourth optimal point achieves 1415.41 MPa
tensile strength and 17.0287 J impact toughness,
with parameters of 139.57°C, 119.97 minutes,
and 6.62 bars. Lastly, the fifth solution has a
tensile strength of 1420.10 MPa and impact
strength of 16.7861 ], requiring a curing cycle of
139.98°C, 119.98 minutes, and 6.92 bars. These

results emphasise the multi-objective nature of
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the optimization problem, where single unique
solution is not feasible. Instead, a set of non-
dominated solutions, or the Pareto Front, is
obtained, each representing a different trade-off
between tensile strength and impact toughness.
Decision-makers can select from these optimal

solutions based on specific requirements or
preferences, such as prioritizing either tensile
strength or impact toughness. The diversity of
the Pareto Front provides flexibility, allowing for
tailored solutions that best meet the desired
performance criteria.

Table 6. Summary of the five sets of optimum properties (tensile strength and impact toughness) and

corresponding curing cycles

S No Optimal Curing Cycles Non-dominated Optimum
Properties
Temperature Time Pressure Tensile Impact
°C) (min) (bar) Strength Toughness (J)
(MPa)
1 139.78 119.45 6.15 1409.68 17.08
2 139.86 119.58 6.05 1411.09 17.07
3 139.85 119.47 6.84 1413.86 17.06
4 139.57 119.97 6.62 1415.41 17.03
5 139.98 119.98 6.92 1420.10 16.79
Table 7 compares the optimal curing parameters of 140.0°C, 120.0 minutes, and 7.0 bars,

and properties obtained through both
experimental methods and the HMOGSA. This
comparison highlights the effectiveness and
accuracy of the HMOGSA in predicting optimal
outcomes for tensile strength and impact
toughness.  For strength,  the
experimental method determined that the
optimal curing parameters are temperature of
140.0°C, a time of 120.0 minutes and a pressure
of 7.0 bars, yielding an optimum tensile strength
of 1420.0 MPa. However, the HMOGSA
identified slightly different optimal curing
parameters i.e. 139.8°C, 119.5 minutes, and 6.8
bars, resulting in tensile strength of 1413.8 MPa.
The difference in optimum tensile strength
between the two methods is minimal, with the
HMOGSA result being just 0.4% lower than the
experimental result. This close agreement
demonstrates that the HMOGSA is highly
effective in approximating the optimal tensile
strength. For  impact toughness, the
experimental method again used the parameters

tensile

achieving an impact toughness of 16.5 J. The
HMOGSA  suggested similar  parameters
(139.8°C, 119.5 minutes, and 6.8 bars) however
resulted in higher impact toughness of 17.1].
The difference is 3.6%, including that the
HMOGSA predicted slightly higher outcome for
impact toughness compared to the experimental
method. This difference suggests that the
HMOGSA may provide optimized conditions
for maximizing impact toughness.

The above comparison demonstrates that the
HMOGSA is a reliable tool for predicting
optimal curing parameters resulting
properties, closely aligning with experimental
results while occasionally even surpassing them.
The slight differences in the optimum property
values highlights the robustness and precision of
the algorithm, making it a valuable approach for
multi-objective optimization problems. The
ability to predict and optimize these properties
can effectively lead to improved performance
and efficiency in manufacturing processes.

and
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Table 7. Comparison of optimal curing parameters and optimum properties obtained

through experimentation and HMOGSA.

SNo Determination Optimal Curing Parameters Property Optimum Difference in
Mode Temperature Time Pressure Value Optimum
Property
Value (%)
1 Experimental ~ 140.0 120.0 7.0 Tensile 1420.00 MPa  0.4%
Strength
2 HMOGSA 139.8 119.5 6.8 Tensile 1413.86 MPa
Strength
3 Experimental ~ 140.0 120.0 7.0 Impact 16.5] -3.6%
Toughness
4 HMOGSA 139.8 119.5 6.8 Impact 17.1 ]
Toughness

5.3. Comparison of HMOGSA with
MOGA Results

The experimental results of our earlier study
optimized through RSM [52] are validated
through HMOGSA. To revalidate the results of
HMOGSA, another very popular algorithm, the

multi-objective Genetic Algorithm (MOGA) was
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used. The Pareto Front obtained through
MOGA is shown in Figure 8 and the optimal
curing parameters and optimum properties are
summarized in Table 8. When equal importance
is given to both objective functions, the median
values of the result (SNo 9 and 10) are the best

compromise.

Pareto Front

X-1413.51

\i‘(T:T | Y -16.8167
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Figure 8. MOGA result for the multi-objective optimization of tensile strength
and impact toughness

Table 8 summarizes eighteen sets of optimal
properties, including their corresponding curing
cycles. For instance, the first optimal solution is
achieved with a curing cycle of 139.99°C, 120.00
minutes, and 3.01 bars, resulting in a tensile
strength of 1401.73 MPa and an impact
toughness of 17.33 J. Similarly, the second
solution, using parameters 139.99°C, 120.00
minutes, and 3.15 bars, yields a tensile strength

of 1402.38MPa and an impact toughness of
17.30 J. The subsequent solutions demonstrate
a range of optimal curing parameters, with
corresponding tensile strengths and impact
toughness values. As the pressure increases,
there is general trend of increasing tensile
strength and decreasing impact toughness. For
example, the solution with a curing cycle of

139.99°C, 120.00 minutes, and 4.49 bars results
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in a tensile strength of 1408.77 MPa and an
impact toughness of 17.02 J. Further, along the
Pareto Front, at higher pressures such as 7.00
bars, the optimal solutions show tensile
strengths of 1420.83 MPa but lower impact

toughness of 16.50 ]. This shows that the
MOGA effectively explores the solution space,
offering a comprehensive set of optimal curing
cycles and their corresponding properties.

Table 8. Summary of the eighteen sets of optimum properties (tensile strength and impact toughness)

and corresponding curing cycles (MOGA)

S No Optimal Curing Cycles Non-dominated Optimum Properties
Temperature Time Pressure Tensile Strength Impact Toughness
Q) (min) (bar) (MPa) 1))
1 139.99 120.00 3.01 1401.73 17.33
2 139.99 120.00 3.15 1402.38 17.30
3 139.99 120.00 3.30 1403.11 17.27
4 139.99 119.99 3.47 1403.83 17.23
5 139.98 119.99 3.77 1405.15 17.16
6 139.99 120.00 4.15 1407.16 17.09
7 140.00 120.00 432 1408.03 17.06
8 139.99 120.00 4.49 1408.77 17.02
9 139.99 120.00 5.48 1413.51 16.82
10 139.99 120.00 5.65 1414.32 16.78
11 140.00 120.00 5.73 1414.77 16.77
12 139.99 119.99 591 1415.47 16.72
13 140.00 119.98 6.02 1415.93 16.70
14 140.00 120.00 6.24 1417.18 16.66
15 140.00 120.00 6.50 1418.45 16.61
16 140.00 120.00 6.75 1419.64 16.55
17 140.00 120.00 7.00 1420.83 16.50
18 140.00 120.00 7.00 1420.83 16.50

The comparison of the optimum properties
validated through the HMOGSA and the
MOGA is summarized in Table 9. It presents the
results of a two-sample t-test to evaluate the null
hypothesis, as stated in Equation 16, which
posits that there is no significant difference

Null Hypothesis
Alternate Hypothesis

The results for tensile strength and impact
toughness, as obtained through both HMOGSA
and MOGA, were analysed to test the null
hypothesis. For tensile strength, the HMOGSA
algorithm produced a mean value of 1414.03
MPa with a standard deviation of 4.07, based on
5 samples. The MOGA algorithm resulted in a
slightly lower mean tensile strength of 1411.73
MPa, with a higher standard deviation of 6.71,
across 18 samples. The standard errors of the

means were 1.8 for HMOGSA and 1.6 for

Ho=py—p; = 0
Ho= p—pp # 0

between the means of the optimal results
obtained by the two algorithms. The alternate
hypothesis, shown in Equation 17, suggests that
there is a significant difference between the
means.

(16)
(17)

MOGA. The t-test for tensile strength yielded a
t-value of 0.72 with 21 degrees of freedom and a
P-value of 0.477. Since the P-value is greater than
0.05, it indicates that there is no significant
difference between the tensile strength results of
the two optimization algorithms, thus
supporting the null hypothesis.

For impact toughness, the HMOGSA algorithm
achieved a mean value of 17.00 ] with a standard
deviation of 0.12, while the MOGA algorithm

reported a slightly lower mean impact toughness
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of 16.89 ] with a standard deviation of 0.29. The
standard errors of the means were 0.05 for
HMOGSA and 0.07 for MOGA. The t-test value
for impact toughness is 0.84 with 21 degrees of
freedom and a P-value of 0.41. Similar to the
tensile strength results, the P-value being greater
than 0.05 indicates no significant difference
between the impact toughness results from the
two algorithms, further supporting the null
hypothesis.

In conclusion, the two-sample ttest results
indicate that the differences in the optimal
tensile strength and impact toughness values

obtained through HMOGSA and MOGA are

not statistically significant. The P-values of 0.477
for tensile strength and 0.41 for impact
toughness are both above the 0.05 threshold,
affirming that the null hypothesis is wvalid.
Therefore, it can be inferred that both
optimization  algorithms, HMOGSA and
MOGA, are equally effective in achieving
optimal results for tensile strength and impact
toughness in the context of this multi-objective
optimization problem. This validation provides
confidence in the use of either algorithm for
similar optimization tasks in material science
and engineering applications.

Table 9. A two-sample t-test results. The P-value is greater than 0.05, which shows that the results

are not significantly different.

SNo Sample Optimization N Mean Std SE Mean T-value  DF P-value
Algo Dev
1 Tensile HMOGSA 5 1414.03 4.07 1.8 0.72 21 0.477
Strength
2 Tensile MOGA 18 1411.73 6.71 1.6
Strength
3 Impact HMOGSA 5 17.00 0.12 0.05 0.84 21 041
Toughness
4 Impact MOGA 18  16.89 0.29 0.07
Toughness
6. Conclusions significant difference was observed in the results
() The optimum values of tensile strength, achieved either through HMOGSA or MOGA.
impact  toughness, hardness and the

corresponding optimal curing cycle determined
through SOGSA, and HMOGSA validates the
experimental values obtained in previous
research work.
(b) The

revalidated

HMOGSA results are also
through MOGA results. No
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Appendix

Table Al. 2’ full factorial design and mechanical tests results, MRCC parameters and corresponding
properties are represented by bold numbers [28]

Impact

Curing  Temperature  Time Pressure Tensile StrengthToughness Hardness
Cycle (°C) (min) (bar) (MPa) 0 (HRB)
1 120 90 3 1044.8 02.45 46.0
1 120 90 3 1078.4 02.42 48.2
1 120 90 3 1060.8 02.53 44.8
2 140 90 3 1083.2 03.61 52.4
2 140 90 3 1153.6 05.84 50.7
2 140 90 3 1137.6 03.93 50.2
3 120 120 3 1041.6 08.08 48.4
3 120 120 3 1142.4 07.19 48.2
3 120 120 3 1224.0 08.52 51.5
4 140 120 3 1364.8 17.43 56.2
4 140 120 3 1417.6 16.97 54.5
4 140 120 3 1384.0 17.80 56.1
5 120 90 7 1110.4 03.37 45.5
5 120 90 7 1177.6 03.10 49.2
5 120 90 7 1148.8 03.20 48.4
6 140 90 7 1212.8 05.20 52.9
6 140 90 7 1094.4 05.85 53.1
6 140 90 7 1048.0 05.86 55.4
7 120 120 7 1204.8 11.19 48.2
7 120 120 7 1345.6 11.00 49.5
7 120 120 7 1327.5 12.03 52.0
8 140 120 7 1446.4 16.40 59.1
8 140 120 7 1422.4 16.97 56.8
8 140 120 7 1432.0 16.19 60.8

Table A2 compares MRCC (non-optimal) curing parameters and non-optimum properties with optimal
curing parameters and optimum properties.

Table A2. A comparative summary of non-optimum and optimum properties [28]

Non-Optimal
Parameter

CuringNon-Optimum  Optimal

Properties

Parameters

CuringOptimum

Properties

Improvement

(%)

Tensile Strength
(MPa)

120°C

Impact Toughness120 min

1)) 7 bar
(MRCC/CCT)

Hardness (HRB)

1274.8

140°C
120 min
7 bar
(CC8)

1420

114

10.9

140°C
120 min
3 bar
(CC4)

17.4

59.6

51.2

140°C
120 min
7 bar
(CC8)

57.6

12.5
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Three Mathematical models of Previous Study
Equations (A1)-(A3) show the prediction model developed for tensile strength (TS), impact toughness
(IT), and hardness (HD) of understudy CFRP.

TS = 2970 — 19.58T. — 32.05t + 182Pu + 0.2979Tte — 1.266T.Puu (A1)

IT = 180.6 — 2.098t. — 1.575T. — 23.98P.+0.01843Tet. + 0.18445T P + 0.26 15 Puutc —

HD =

—06.27 + 0.3263T.+0.1236t. + 0.494P...
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