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Abstract

In this study, a methodology combining finite element analysis (FEA) and artificial neural network (ANN) through multilayer
perceptron architecture was utilized to predict the impact resistance behavior of hybrid and non-hybrid fabric reinforced
polymer (FRP) composites. A projectile at 250 m s~! impact velocity was considered for the high velocity impact simulations.
The Kevlar, carbon and glass fabric-based epoxy composites were modelled and the impact tests were performed through
finite element simulations. The residual velocity results from FEA were used as training data for the ANN prediction. The
ANN predicted results were in good agreement with FEA results with a maximum variation of about 6.6%. In terms of impact
resistance, composite laminates with more Kevlar layers exhibited enhanced performance compared to other samples. Neat
Kevlar/epoxy (K/K/K) exhibited the best impact resistance performance in terms of lowest residual velocity and highest
energy absorption of 101.84 m s~! and 222.86 J, respectively. Whereas, neat glass/epoxy (G/G/G) specimens registered the
highest projectile residual velocity (165.13 m s™') and lowest energy absorption (158.99 J) compared to all other specimens.
2-fabric sandwich composite K/G/K exhibited a low residual velocity of 115.27 m s™" and high energy absorption of 218.53 J,
which is the second best among all specimens. Comparatively, the 3-fabric hybrid composites registered intermediate impact
resistance results lower than that of Kevlar rich specimens, but significantly higher than neat G/G/G composite, thus, proving
the effectiveness of hybridization in enhancement of impact performance compared to neat glass composite. Overall, the
chosen methodology yielded significantly accurate results for the prediction of impact behavior of FRP composites.

Keywords Fiber reinforced polymer composites - Stacking sequence - Impact performance - Prediction - Artificial neural
network - Finite element analysis

1 Introduction

Multi-layered fabric reinforced polymer (FRP) composites
are becoming increasingly popular materials for usage in
aerospace, defense and other ballistic applications due to
their durability and impact resistance properties [1]. Over
the past two decades, research studies have substantiated
>4 B. Shivamurthy the enhancement in structural and tribological proper-
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of advanced aerospace and defense grade materials. High
velocity impacts are generally of the velocity range between
10 and 1000 m s~ Such impacts are further classified as low
ballistic (10-350 m s~') and high ballistic (350-1000 m sh
velocities. The materials considered in this study fall under
the former category and they are used for structural applica-
tions or as sacrificial cladding to protect primary structures
[4]. Also, these materials can be used for drones and other
aerial vehicles that operate at low ballistic velocities.

Kevlar, carbon and glass fabrics are some of the most
commonly used synthetic reinforcements in hybrid com-
posites due to easy availability, enhanced mechanical
performance and cost benefits [5]. Structural components
consisting of above said reinforcements fabricated in vari-
ous stacking sequences have been widely studied for use
in ballistic applications [6, 7]. However, the development
and experimental testing of these materials involve high
material and labor cost. Thus, alternative methods such as
finite element analysis (FEA) have been increasingly used
in recent decades to simulate various mechanical as well as
impact tests [8, 9]. Similarly, machine learning techniques
offer alternate methods to predict the behavior of such
composite materials when subjected to various mechanical
characterization tests. These modern, data-driven, theoreti-
cal and computational tools have enabled accurate solving
of engineering problems for various materials under specific
conditions [10].

Through available literature it can be noted that, the
stacking sequence of composites is an important parameter
that affects their impact behavior. Apart from the effect on
mechanical and ballistic performance, hybridization also
offers cost benefits by incorporating cheaper reinforce-
ments such as glass fabrics into Kevlar and carbon-based
composites which are more expensive [11, 12]. Randjbaran
et al. [13] developed composites hybridizing Kevlar, glass
and carbon fabrics in an epoxy matrix formulation. They
fabricated hybrid fabric composite laminates by reinforc-
ing Kevlar, carbon, and glass fabrics in the epoxy matrix
in five stacking sequences such as (i) K/C/G/K/G/C, (ii)
G/C/K/C/K/G, (iii) K/G/C/G/C/K, (iv) G/K/C/C/G/K and
(v) K/C/G/G/C/K. These laminates were subjected to high-
velocity impact tests at 184 m s~! impact velocity. They
observed that specimen types (ii) and (iv) showed the best
penetration resistance compared to other specimens. The
stacking sequence of fabrics was reported to affect the
impact behavior considerably even though all the tested
specimens consisted of all three types of reinforcements.
Kevlar in the internal layers and glass fabric on the impact
face was observed to provide better impact resistance com-
pared to other combinations.

Ansari et al. [14] fabricated epoxy based FRP compos-
ite laminates using Kevlar and glass fabrics in non-hybrid
and hybrid orientations by manual wet lay-up method and
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subjected to impact tests at projectile velocities in the range
of 200-300 m s~'. Through high-velocity experimental and
FEA results, they reported that hybridization had a consider-
able effect on the impact performance of the FRP composite
laminates. From all combinations of laminates like glass/
Kevlar/epoxy hybrid fabric composite, neat glass/epoxy and
neatKevlar/epoxy that were tested, Kevlar/epoxy laminate
with glass fabric sandwiched between them offered the best
penetration resistance.

Muhi et al. [15] conducted experimental and finite ele-
ment simulation studies to investigate the effect of hybridi-
zation of reinforcements such as Kevlar and glass fabrics
in an epoxy matrix composite on its ballistic performance.
For the fabrication of the composite laminates by hand-lay-
up method, glass fabric of 0.3 mm thick with areal density
400 g m~2 and Kevlar fabric of 0.45 mm thick and areal den-
sity 530 g m~2 were used as reinforcement. They conducted
high-velocity impact experiments on two types of samples,
the first type had only E-glass fabric with epoxy while the
second type had Kevlar-29 plies hybridized with E-glass fab-
ric and epoxy matrix in different stacking positions. They
investigated the effect of stacking position on the ballistic
performance of these composites. A Steel bullet with inci-
dent velocity of 176 m/s was fired on the laminate specimen.
The residual velocity of the bullet was measured, and the
damage to the laminate was predicted and recorded. They
concluded that hybridization with Kevlar fabric enhanced
resistance to penetration. Similarly, as the Kevlar layer was
pushed from the front face towards the back, the energy
absorption increased, reaching the highest when Kevlar
fabric was the last layer.

Extensive works have been carried out to study the effect
of fabric hybridization on impact performance using finite
element study, but validation of such results using machine
learning techniques has not been reported widely. Stack-
ing sequence of composites is a categorical input, thus the
optimization of such categorical data cannot be carried out
using conventional optimization tools. Meanwhile, Artificial
neural networks (ANN) have been successfully employed by
various researchers to study the dynamic and quasi-static
behavior of composites. Birecikli et al. [16] used ANN to
predict the failure in glass fiber composites when subjected
to tensile loads. Malik et al. [17] predicted the low velocity
impact behavior of composites through ANN. Naderpour
et al. [18] predicted the compressive strength of FRP-based
concrete slabs. Bezerra et al. [19] and Galatas et al. [20]
used ANN to predict the mechanical properties of compos-
ite structures. Similarly, ANN has also been used for high
velocity impact studies on carbon fiber-based composites
by Fernandez et al. [21] and Artero-Guerrero et al. [22] to
predict the effect of stacking sequence and fiber orientation
respectively.
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2 Methodology

In this study, high velocity impact behavior of non-hybrid
and hybrid fabric composites consisting of Kevlar, carbon
and glass fabrics was studied using a combination of FEA
and Artificial neural network (ANN), which is a machine
learning algorithm. The composites of different stacking
sequences were modelled using Solidworks software and
the finite element simulations were performed on Ansys LS-
Dyna finite element software tool. A total of 27 types of all
possible combinations of hybrid and non-hybrid composite
laminates were considered for the study utilizing the above
said fabric reinforcements. Prediction of impact behavior
of FRP composites using ANN requires the high velocity
impact test results as input data to train and validate the
algorithm to produce accurate results. In this study, the input
data was derived from FEA results. Out of the 27 possible
composite combinations, 22 laminates were subjected to
high velocity impact simulation at impact velocity (V,) of
250 m s~! using a hemispherical ended projectile and the
residual velocity (V,) of the projectile was recorded. This
impact velocity was selected for the tests as it falls under
the low-ballistic velocity range in which the considered
composites find application. The V, value of the projectile
can be used to measure the impact energy absorption (E,;)
offered by the composite laminate. Impact energy absorption
offered by the composite is calculated using the difference
between impact and residual energies of the projectile. The
residual velocity data for the 22 chosen composite laminates
were used as input data for ANN to train and validate the
algorithm. After sufficient accuracy was reached, the output
data in terms of predicted residual velocity was compared
to FEA results. Also, the accuracy of the predicted residual
velocity values was further validated by performing high
velocity impact simulations on the remaining 5 composite
combinations and their results were compared and reported.
The uniqueness of ANN lies in its ability to learn from
previous experiences and managing to extract key outputs
based on a set of input data that has been fed [23]. In the
current problem, the impact performance data of the non-
hybrid and hybrid laminates in various stacking sequences
is required to train and validate the ANN tool. Perform-
ing experimental high velocity impact tests to generate the
required data involves high equipment and labor cost and
thus is unfeasible [24]. Therefore, finite element simulation
models were developed and used to perform impact tests.

2.1 Finite element analysis

To perform high velocity impact simulations, firstly,
the composite laminates consisting of various stacking

sequences of reinforcement fabrics were modelled using
Solidworks 2020 computer-aided design (CAD) tool. The
composite laminate was modelled to a thickness of 3 mm
and consisting of 15 plies of bi-directional, woven fabric
having an areal density of about 200 gsm. Kevlar-129,
3K-Carbon and EC9-Glass fabrics denoted as K, C and
G respectively, were used as reinforcements. The fabric
plies were bonded using a matrix formulation consisting of
Araldite LY564 epoxy resin and Aradur 2954 hardener in a
mixing ratio of 100:35 by weight. The model consisted of
3 main layers, with each layer made of a certain reinforce-
ment fabric and epoxy matrix. The main layer was further
divided into 5 sub-layers, with each sub-layer modelled as
a block consisting of the reinforcement fabric ply and the
epoxy matrix and stacked one on top of each other. Each
main layer consisted the same type of reinforcement for all
5 sub layers. In non-hybrid composites, all three main lay-
ers constituted the same reinforcement, whereas in 2-fab-
ric sandwich, the top and bottom main layers consisted
Kevlar, and the middle main layer was made up of either
carbon or glass fabrics. In 3-fabric hybrid, each main layer
constituted different fabric types depending on which rein-
forcement was to be used for the front, middle and back
layers. The fabric plies were assembled to form the lami-
nate using an Assembly feature on the CAD software. A
cylindrical shaped steel bullet with a hemispherical tip
was chosen as a projectile for the impact simulations. The
projectile dimensions were selected based on STANAG
4090 [25] standard for 9 mm Parabellum bullet with a
mass of 8.6 g. The laminate and projectile models were
then saved as a .IGES file format to be exported to the
simulation software.

The post-impact projectile residual velocity (V,) val-
ues were obtained through the finite element simulation
performed using Ansys LS-Dyna software. This software
was chosen due to its capability to solve complex problems
which may be highly non-linear, using explicit and implicit
time integration. Also, a large library of materials is readily
available with their failure modes, which makes it a very
handy tool to perform impact simulations. The software
finds its applications in various sectors such as aerospace,
automobile, defence etc. In this study, the composite mate-
rial properties were defined using Ansys Composite Prepost
(ACP), while LS-Dyna plug-in within the ANSYS software
was used as the solver. The simulation results were analysed
using the post-processor in LS-PREPOST. Material proper-
ties of the composites such as density, tensile and flexural
properties were obtained from experimental tests performed
on the laminates and provided in Table 1.

The selection of mesh size impacts the accuracy of the
FEA results and simulation run time, thus requires optimum
selection. Among the available types of mesh shapes and
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Table 1 Material properties of composite laminates used in this study
[26]

Material property Type of composite layer

K/E C/E G/E
p (kg m™) 1052 1357 1641
o, (MPa) 402 615 346
E, (GPa) 8.4 17.9 12.0
u 0.37 0.31 0.25
Toughness (X 107> Jmm™) 42.3 41.6 18.7
o; (MPa) 177 761 265
E; (GPa) 15.2 51.1 17.6

K/E, Kevlar/epoxy; C/E, carbon/epoxy; G/E, glass/epoxy; p, density;
o, tensile strength; E,, tensile modulus; , Poisson’s ratio; oy, flexural
strength; E;, flexural modulus

dimensions, a triangular mesh of 0.5 and 2 mm sides was
selected for the bullet and composite laminate respectively
as shown in Fig. 1. This selection of mesh parameters was
made taking into consideration the available processor
capacity and time consumption for simulation.

To model the bonding between layers of the composite
laminate, ‘CONTACT_AUTOMATIC_SURFACE_TO_
SURFACE’ option with a coefficient of friction value of 0.2
as suggested by LS-Dyna was selected. Similarly, 0.1 and
5 s were selected as the step-time (time taken for the impact
energy wave to propagate through a discretized element) and
simulation termination time respectively. Hourglass control
feature of IHQ 5 type was activated considering the recom-
mendation of LS-Dyna tool when carrying out impact simu-
lations. When hourglass is not defined, the elements undergo
severe zero-energy deformation, without displaying actual
damage experienced by the composite laminate. Material
models commonly used in such simulations ‘MAT_RIGID_’
and ‘MAT 18_POWER_LAW_PLASTICITY_ were opted
for the bullet and composite laminates respectively. Also,
to emulate the experimental impact test set up where the
composite laminate is fixed in a holding device to restrict

Fig. 1 Composite laminate and
projectile after meshing
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any rotational or linear movement, the laminate was fixed on
the four edges using ‘SPC’ feature on LS-Dyna. The meth-
odology followed in this study for FEA has been reported
through published work to provide accurate results when
compared with experimental results [27].

2.2 Artificial neural network

In the present work, an artificial neural network (ANN)
model was developed to predict the residual velocity of
bullets passing through hybrid and non-hybrid composite
laminates fabricated using different stacking sequences after
high velocity impacts. The residual velocity data used for
training, testing, and validating neural network model was
collected from the finite elemental approach performing the
numerical simulations of high velocity impact on the devel-
oped composites. The influence of fabric stacking sequence
of reinforcement fabrics such as Kevlar, Carbon and Glass
on the impact behavior of the corresponding composites was
investigated. Therefore, twenty-seven numerical runs were
generated based on three reinforcement fabrics and three-
layered composite specimens using design of experiment
approach. For each of the runs, the residual velocity was
estimated from the finite element analysis using LS Dyna.
FEA and ANN are effective over experimentations for sav-
ing time and cost involved in studying the high velocity
impact behavior for all the 27 specimens [22].

A multilayer Perceptron (MLP), which is a class of Feed
Forward Artificial Neural Network with Backpropagation
supervised learning approach, was performed using MAT-
LAB R2020a with ‘nntool” command. Levenberg—Mar-
quardt (TRAINLM), Gradient descent with momentum
weight and bias learning function (LEARNGDM) and
Hyperbolic tangent sigmoid (TANSIG) were the training,
adaptive learning and transfer functions, respectively. The
performance of the neural network during the stages of
training, testing and validation was evaluated using ‘Mean
Squared Error (MSE)’. The MLP neural network consisted
of three layers namely, input, hidden and output layers. The
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hidden layer consists of 10 neurons. This is a feed forward
network, where each neuron was connected to all nine inputs
from the preceding layer. All the three layers mentioned
above were inter-connected within the network. The output
of each layer formed the output for the next layer, till the
output of the last layer (output layer) was the desired result
of the network. ANN employs a learning algorithm that uti-
lizes recursive differential equations as learning laws to con-
tinuously learn during each stage. The output results were
continuously improved by training the neural network to be
aware of the environmental conditions, past experience and
aim of the study during each stage and every iteration of the
learning process. MLP also consisted of a back propagation
error algorithm to minimize the mean squared error in the
predicted output results during the learning process using
the numerical iteration process [28].

The input data fed to train the ANN for predicting the
residual velocity prediction is the stacking sequence of the
fabric which is in a categorical form. To predict residual
velocity results in terms of numerical values, the input

data must also be in numerical form. In this study, one hot
encoding method was utilized to convert the composite
stacking sequence, which is in categorical form into a one-
hot numeric array [29]. In this method, the categorical data
such as stacking sequence was to be converted into binary
codes (0 s and 1 s). For this, Kevlar layer was assigned a
binary code (1 0 0), similarly, carbon layer and glass layers
were assigned binary codes (0 1 0) and (0 O 1), respectively.
These codes together formed nine inputs considering that
each composite consisted of 3 layers of reinforcement fabric
in different stacking sequences. Table 2 shows the stacking
sequence and the one hot encoded numerical, binary code
input data for all the specimen types used in this study.

In this study, the ANN architecture with Multilayer per-
ceptron (MLP) with feed-forward network and back propa-
gation error method that is most commonly used in similar
studies [21] has been followed to predict the residual veloc-
ity (V,) of the projectile after impact. Figure 2 shows the
MLP architecture with the nine inputs (stacking sequence
converted to numerical input value using one hot encoding

Table 2 Different configurations of composites and their input data used for ANN

Configuration Composite

Stacking sequence (One hot encoded—numerical array) input

specimen

Input1  Input2

Input 3

Input4 Input5 Input6 Input7 Input8 Input9

K/K/K
C/C/IC
G/G/IG
K/K/C
K/C/K
C/K/K
K/K/G
K/G/K
G/K/K
C/C/K
C/K/C
K/C/C
C/IC/IG
C/G/IC
G/C/C
G/G/K
G/K/G
K/G/IG
G/G/C
G/C/G
C/G/G
K/C/G
K/G/C
C/K/G
C/G/K
G/K/C
G/C/K

Non-hybrid composites

Two-fabric hybrid composites

Three-fabric hybrid composites
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Hidden Layer
No. of neurons = 10

Input Layer -
Stacking sequence

Output -
Residual
velocity

Output

....................

Fig.2 MLP architecture employed in this study (9-10-1-1)

method as presented in Table 2), one hidden layer consist-
ing of 10 neurons, 1 output layer, and finally the V, output.

3 Results and discussion
3.1 Finite element analysis results

The impact test results obtained through FEA in terms
of V. and impact energy absorption (E,,) for the various
composite laminates is presented in Table 3. E,; can be
calculated using:

1
By = dn(v7-72) g

where m is the projectile mass and V; and V, are the inci-
dent and residual velocities of the projectile before and after
impact, respectively.

Figure 3 depicts the impact of projectile on the lami-
nate observed through simulation of high velocity impact.
Figure 3a shows the projectile directed towards the impact
face of the laminate at impact velocity (V;). Figure 3b
depicts the impact event during which some kinetic energy
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possessed by the projectile is absorbed by the laminate
(E,,) leading to its damage and perforation. Impact energy
absorption (E,;) is an important factor to measure the bal-
listic impact resistance behavior of any material [30]. E,,
is thus defined as the difference in the projectile kinetic
energy before and after an impact event. Figure 3¢ shows
the bullet travelling at a residual velocity (V,) after pass-
ing through the laminate post impact. In this study, all
laminates were completely perforated during impact and
exhibited V, values which are presented in Table 3.

From Table 3, it can be noted that, neat Kevlar/epoxy
(K/K/K) specimen exhibited the least V, of 101.84 m s
and highest E,, of 222.86 J for the projectile compared to
all other hybrid and non-hybrid composite laminates. The
highest V, of 165.13 m s~! and least E,;, of 151.50 J for the
projectile was exhibited by neat G/G/G specimen. C/C/C
specimen had a V, of 131.79 m s~ which is between that of
neat Kevlar/epoxy and glass/epoxy specimens. The highly
brittle nature of carbon and glass fibers compared to that
of Kevlar led to their higher projectile V,. The second-best
composite after K/K/K was K/G/K sandwich composite with
V. and E,;, values of 115.27 m s™! and 211.62 J, respec-
tively. This reinforcement combination is ideal for structural
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Table3 V, and E,, results for composite laminates derived through
FEA

SI.No  Composite V;(m s7h E () FEA results
specimen =

V.(ms™) E, (@)
1 K/K/K 250 269.37 101.84 224.15
2 C/C/IC 131.79 194.07
3 G/G/IG 165.13 151.50
4 K/C/K 127.62 198.72
5 C/K/K 127.62 198.72
6 K/G/K 115.27 211.62
7 G/K/K 127.62 198.72
8 C/C/K 131.66 194.21
9 C/K/C 131.65 194.22
10 K/C/C 131.65 194.22
11 C/G/C 137.24 187.76
12 G/G/K 140.10 184.35
13 G/K/G 151.29 170.33
14 K/G/G 151.29 170.33
15 G/G/C 155.19 165.19
16 G/C/G 153.63 167.26
17 C/G/IG 137.24 187.76
18 K/C/G 127.62 198.72
19 K/G/C 153.63 167.26
20 C/G/K 130.71 195.28
21 G/K/C 153.63 167.26
22 G/C/K 130.75 195.23

Composite

Projectile at :
laminate

impact velocity

Impact face — |||«— Back face

(a) (b)

Perforation in
laminate during
projectile impact

applications considering the fact that glass fabrics are far
cheaper and easily available compared to Kevlar fabrics and
their impact performance is comparable to that of K/K/K.
It was also observed that specimens with more Kevlar plies
exhibited better impact resistance behavior compared to
other specimens.

The position of Kevlar layer in the hybrid composite
specimens also had an effect on the impact behavior of the
laminates. Specimens with Kevlar plies in the rear layers
showed enhanced E,, and lower V, compared to specimens
with glass and carbon layers in the rear layers. This trend was
also observed by researchers such as Mubhi et al. [15] who
conducted impact studies on hybrid fabric composites. They
noted that as the Kevlar layer is pushed from the front face
towards the back, the energy absorption increases, reaching
the highest when Kevlar fabric is the last layer due to the
increasing bending stiffness of the laminate when Kevlar is
on the rear layer. Similarly, Randjbaran et al. [13] through
ballistic impact experiments reported that, for hybrid com-
posites comprising Kevlar, carbon and glass fabrics, the
stacking of carbon and glass in the middle layers was more
efficient for ballistic applications. Srivathsan et al. [31]
through their studies on Kevlar/glass/epoxy hybrid compos-
ites, reiterated that the outermost fabric layers contribute its
properties in transverse loading conditions. Thus, it is evi-
dent through literature, the hybridization in FRP composites
is beneficial in terms of good performance for transverse
loading and reduction of 25-30% in material cost [27].

Projectile with
residual velocity

(c)

Fig. 3 Stages of projectile impact on laminate a before impact, b during impact, ¢ post impact
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Fig.4 Relationship between residual velocity values measured through finite element analysis and values predicted using ANN

3.2 Artificial neural network results

The regression plots represented in Fig. 4 indicate the
closeness of the artificial neural network (ANN) model
output to the actual target from the finite element analysis
(FEA) results. Out of 22 training data fed to the network,
70% of training data (#16 data) was used for training
while remaining 30% was used for testing (#3 data) and
validating (#3 data) the trained model. In the training
stage, R value that indicates the relationship between
the output and target is obtained for training, testing and
validation. An overall R value of 0.98456 is obtained
where the individual R values for the training, testing

@ Springer

and validation are 0.98269, 0.99899 and 1, respectively.
A high R value close to 1 in all stages indicated a good
linear correlation between the model output and target
with least error. The dotted line indicates that the model
output is equal to target with zero percent error. The solid
lines indicate the best data fit. In the current study, the
developed ANN model network had the best fit with scat-
tered points close to the dotted line.

Comparison of impact test results obtained through
FEA and ANN is presented in Table 4. It can be noticed
that most results are in good agreement with each other
with a maximum variation of about 6.6%. This reiterates
that, the MLP network architecture of 1 hidden layer with
10 neurons, chosen for this study to predict the impact
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Table4 ANN input, FEA and

. SI.No  Composite Input data— Training data derived ANN prediction Variation in V,
ANN predicted Y“ valups for specimen stacking from FEA (ms™}) ] (%)
various composite laminates sequence V.ms™) E, ()

1 K/K/K 100100100 101.84 103.31 222.86 1.42
2 C/C/C 010010010 131.79 131.42 19448 —-0.28
3 G/G/G 001001001 165.13 159.77 15899 —-3.35
4 K/C/K 100100010 127.62 124.20 202.41 -2.67
5 C/K/K 100010100 127.62 126.76 199.66 —0.68
6 K/G/K 010100100 115.27 108.07 218.53 —6.66
7 G/K/K 100001100 127.62 127.55 198.79 -0.05
8 C/C/K 010010100 131.66 129.56 196.57 -1.62
9 C/K/C 010100010 131.65 131.57 19431 -0.06
10 K/C/IC 100010010 131.65 135.48 189.82 2.83
11 C/G/C 010001010 137.24 136.04 189.17 -0.88
12 G/G/K 001001100 140.10 132.92 19278 =540
13 G/K/G 001100001 151.29 151.23 170.41  -0.04
14 K/G/IG 100001001 151.29 151.52 170.03 0.15
15 G/G/C 001001010 155.19 155.04 16539 -0.10
16 G/C/IG 001010001 153.63 153.78 167.06 0.10
17 C/G/IG 010001001 137.24 137.05 187.98 -0.14
18 K/C/G 100010001 127.62 126.89 199.51  -0.57
19 K/G/C 100001010 153.63 153.54 167.38 —-0.06
20 C/G/K 010001100 130.71 130.70 19530 -0.01
21 G/K/C 001100010 153.63 152.99 168.10 -0.42
22 G/C/K 001010100 130.75 129.75 19635 -0.76

behavior of composites is effective in producing results
that are accurate. From Fig. 4, it can be noted that the
accuracy of the trained algorithm is about 98.45%.

3.3 Validation and inference

The V, values predicted using ANN were validated through
FEA results for select composite laminates (K/K/C, K/K/G,
C/C/G, G/C/C, and C/K/G) to further ensure the accuracy
of prediction. The results of both ANN and FEA values for
the composites considered for validation are provided in
Table 5.

It can be noted in Table 5, that, the ANN predicted and
FEA values for V, are in good agreement with each other
with a maximum variation of about 4.2%. This variation is

acceptable for high velocity impact problems as reported
in other published works [32, 33]. Thus, the methodology
followed in this work to predict the impact behavior of vari-
ous composite laminates using FEA and MLP-based ANN
machine learning algorithm have provided an accurate meas-
ure of impact resistance without actually conducting experi-
mental tests on such materials. ANN tool can thus be used
to predict ballistic responses of various composites, such as
residual velocity vs. impact velocity and impact performance
curves [34].

It can be noted from both FEA and ANN results that
among the three reinforcement fabrics used, Kevlar is the
most suited for impact resistance applications owing to its
superior impact resistance property. But Kevlar is also the
most expensive among the three fabrics at 19.36 US$ per

Table 5 Validation of ANN

; . SL. No Composite Vi(m s7h V. (m s7h V. (m s7h Variation in V,
predicted Ey, vall{es using FEA specimen ANN prediction FEA results (%)
for select composite laminates
1 K/K/C 250 125.14 127.62 1.94
2 K/K/G 114.45 115.27 0.7
3 C/C/IG 150.33 150.62 0.2
4 G/C/C 162.50 155.62 —-4.2
5 C/K/G 138.86 135.72 -22
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m? and next is carbon fabric with a cost of 18.36 US$ per
m?. Glass fabric is the cheapest with a cost of 3.52 US$ per
m? [35]. Thus, it is ideal to use K/G/K sandwich composite
with impact performance close to neat Kevlar composite
for impact resistance applications where cost is the major
material selection criterion. The material cost of K/G/K
composite is 21% lower than that of K/K/K composite [1].

4 Conclusion

From this study on the prediction of residual velocity of pro-
jectiles post impact on various hybrid and non-hybrid com-
posite laminates, the following conclusions can be derived:

e The proposed methodology combining FEA and ANN
allows to accurately predict the residual velocity (V,)
results and thereby the impact behavior of various hybrid
and non-hybrid composites.

e The ANN network trained with the data derived from
FEA was able to achieve an accuracy of 98.45%. The pre-
dicted output values had a maximum variation of about
6.6% compared to FEA results. The optimum results
were obtained using an MLP architecture network con-
sisting of one hidden layer with 10 neurons.

e Through FEA and ANN results it was observed that,
stacking sequence does affect the impact resistance of
FRP composites. The best penetration resistance was
observed in K/K/K specimen followed by specimens with
Kevlar in both front and back layers.

e K/K/K composite exhibited highest impact energy
absorption of 222.86 J, while G/G/G composite had the
least energy absorption of 158.99 J. With energy absorp-
tion of 218.53 J, K/G/K sandwich composite exhibited
energy absorption closest to neat Kevlar/epoxy specimen.

e 3-fabric hybrid composites exhibited energy absorption
values significantly lower than neat Kevlar and 2-fabric
sandwich composites, but higher than that of neat glass/
epoxy composite.

e Though the impact energy absorption of K/G/K compos-
ite is slightly lower than K/K/K, the former is advanta-
geous in terms of material cost savings of about 21%
making it ideal for wider usage.

Funding Open access funding provided by Manipal Academy of
Higher Education, Manipal.

@ Springer

Declarations

Conflict of interest The authors declare that they have no known com-
peting financial interests or personal relationships that could have ap-
peared to influence the work reported in this paper.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article's Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article's Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

1. Stephen C, Shivamurthy B, Mourad A-HI et al (2022) Experimen-
tal and finite element study on high-velocity impact resistance
and energy absorption of hybrid and non-hybrid fabric reinforced
polymer composites. ] Market Res 18:5406-5418

2. Rajak DK, Pagar DD, Menezes PL, Linul E (2019) Fiber-rein-
forced polymer composites: Manufacturing, properties, and appli-
cations. Polymers 11:1667

3. Nayak CB (2021) Experimental and numerical investigation
on compressive and flexural behavior of structural steel tubular
beams strengthened with AFRP composites. J King Saud Univ
Eng Sci 33:88-94. https://doi.org/10.1016/j.jksues.2020.02.001

4. Mabhesh V, Joladarashi S, Kulkarni SM (2021) Damage mechanics
and energy absorption capabilities of natural fiber reinforced elas-
tomeric based bio composite for sacrificial structural applications.
Defence Technol 17:161-176. https://doi.org/10.1016/j.dt.2020.
02.013

5. Stephen C, Shivamurthy B, Mohan M et al (2022) Low veloc-
ity impact behavior of polymer composites—a review. Eng Sci
18:75-97. https://doi.org/10.30919/es8d670

6. Clifton S, Thimmappa BHS, Selvam R, Shivamurthy B (2020)
Polymer nanocomposites for high-velocity impact applications—a
review. Compos Commun. https://doi.org/10.1016/j.coc0.2019.11.
013

7. Stephen C, Shivamurthy B, Selvam R et al (2021) Design and
finite element study of Kevlar based combat helmet for protection
against high-velocity impacts. Mater Today Proc 56:3636-3641.
https://doi.org/10.1016/j.matpr.2021.12.338

8. Stephen C, Behara SR, Shivamurthy B et al (2022) Finite element
study on the influence of fiber orientation on the high velocity
impact behavior of fiber reinforced polymer composites. Int J
Interact Des Manuf. https://doi.org/10.1007/s12008-021-00808-7

9. Stephen C, Basavanna S, Selvam R (2020) Effect of hybridization
on the tensile behavior of fabric reinforced polymer composites—
a finite element analysis. In: 2020 advances in science and engi-
neering technology international conferences, ASET 2020. https://
doi.org/10.1109/ASET48392.2020.9118350

10. Zhou T, Song Z, Sundmacher K (2019) Big data creates new
opportunities for materials research: a review on methods and
applications of machine learning for materials design. Engineer-
ing 5:1017-1026. https://doi.org/10.1016/j.eng.2019.02.011

11. Zhang J, Chaisombat K, He S, Wang CH (2012) Hybrid com-
posite laminates reinforced with glass/carbon woven fabrics for


http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1016/j.jksues.2020.02.001
https://doi.org/10.1016/j.dt.2020.02.013
https://doi.org/10.1016/j.dt.2020.02.013
https://doi.org/10.30919/es8d670
https://doi.org/10.1016/j.coco.2019.11.013
https://doi.org/10.1016/j.coco.2019.11.013
https://doi.org/10.1016/j.matpr.2021.12.338
https://doi.org/10.1007/s12008-021-00808-7
https://doi.org/10.1109/ASET48392.2020.9118350
https://doi.org/10.1109/ASET48392.2020.9118350
https://doi.org/10.1016/j.eng.2019.02.011

Journal of the Brazilian Society of Mechanical Sciences and Engineering (2022) 44: 408

Page110f 11 408

13.

14.

15.

16.

18.

19.

20.

21.

22.

23.

lightweight load bearing structures. Mater Des 36:75-80. https://
doi.org/10.1016/j.matdes.2011.11.006

Siyal SH, Jogi SA, Muhammadi S et al (2021) Mechanical charac-
teristics and adhesion of glass-Kevlar hybrid composites by apply-
ing different ratios of epoxy in lamination. Coatings 11:1-11.
https://doi.org/10.3390/coatings 11010094

Randjbaran E, Zahari R, Abdul Jalil NA, Abang Abdul Majid
DL (2014) Hybrid composite laminates reinforced with Kevlar/
carbon/glass woven fabrics for ballistic impact testing. Sci World
J. https://doi.org/10.1155/2014/413753

Ansari MM, Chakrabarti A (2017) Impact behaviour of GFRP
and Kevlar/epoxy sandwich composite plate: experimental and
FE analyses. ] Mech Sci Technol 31:771-776. https://doi.org/10.
1007/s12206-017-0128-y

Muhi RJ, Najim F, de Moura MFSF (2009) The effect of hybridi-
zation on the GFRP behavior under high velocity impact. Compos
B Eng 40:798-803. https://doi.org/10.1016/j.compositesb.2009.
08.002

Birecikli B, Karaman OA, Celebi SB, Turgut A (2018) The influ-
ence of composite laminate stacking sequence on failure load of
bonding joints using. 3:1-10. https://doi.org/10.20944/preprints2
01812.0302.v1

. Malik MH, Arif AFM (2013) ANN prediction model for compos-

ite plates against low velocity impact loads using finite element
analysis. Compos Struct 101:290-300. https://doi.org/10.1016/j.
compstruct.2013.02.020

Naderpour H, Kheyroddin A, Amiri GG (2010) Prediction of
FRP-confined compressive strength of concrete using artificial
neural networks. Compos Struct 92:2817-2829. https://doi.org/
10.1016/j.compstruct.2010.04.008

Bezerra EM, Ancelotti AC, Pardini LC et al (2007) Artificial neu-
ral networks applied to epoxy composites reinforced with carbon
and E-glass fibers: Analysis of the shear mechanical properties.
Mater Sci Eng A 464:177-185. https://doi.org/10.1016/j.msea.
2007.01.131

Galatas A, Hassanin H, Zweiri Y, Seneviratne L (2018) Additive
manufactured sandwich composite/ABS parts for unmanned aerial
vehicle applications. Polymers. https://doi.org/10.3390/polym
10111262

Fernandez-Fdz D, Lopez-Puente J, Zaera R (2008) Prediction of
the behaviour of CFRPs against high-velocity impact of solids
employing an artificial neural network methodology. Compos A
Appl Sci Manuf 39:989-996. https://doi.org/10.1016/j.compo
sitesa.2008.03.002

Artero-Guerrero JA, Pernas-Sanchez J, Martin-Montal J et al
(2018) The influence of laminate stacking sequence on ballistic
limit using a combined Experimental/FEM/Artificial Neural Net-
works (ANN) methodology. Compos Struct 183:299-308. https://
doi.org/10.1016/j.compstruct.2017.03.068

Ciaburro G, Iannace G, Ali M et al (2021) An artificial neural
network approach to modelling absorbent asphalts acoustic prop-
erties. J King Saud Univ Eng Sci 33:213-220. https://doi.org/10.
1016/j.jksues.2020.07.002

24.

25.

26.

217.

28.

29.

30.

31.

32.

33.

34.

35.

Peinado J, Jiao-Wang L, Olmedo A, Santiuste C (2021) Use of
artificial neural networks to optimize stacking sequence in uhm-
wpe protections. Polymers. https://doi.org/10.3390/polym13071
012

NATO (1982) Stanag 4090—small arms ammunition (9 mm
parabellum)

Stephen C, Shivamurthy B, Mourad AHI, Selvam R (2021)
High-velocity impact behavior of hybrid fiber-reinforced epoxy
composites. J Braz Soc Mech Sci Eng. https://doi.org/10.1007/
540430-021-03139-6

Stephen C, Mourad AHI, Shivamurthy B, Selvam R (2021) Energy
absorption and damage assessment of non-hybrid and hybrid
fabric epoxy composite laminates: Experimental and Numerical
study. J Market Res. https://doi.org/10.1016/j.jmrt.2021.08.108
Hajmohammad MH, Salari M, Hashemi SA, Esfe MH (2013)
Optimization of stacking sequence of composite laminates for
optimizing buckling load by neural network and genetic algo-
rithm. Indian J Sci Technol 6:5070-5077. https://doi.org/10.
17485/ijst/2013/v6i8.22

Wadagbalkar P, Liu GR (2021) Real-time prediction of projectile
penetration to laminates by training machine learning models with
finite element solver as the trainer. Defence Technol 17:147-160.
https://doi.org/10.1016/j.dt.2020.04.011

Naghizadeh Z, Faezipour M, Pol MH et al (2018) Improvement in
impact resistance performance of glass/epoxy composite through
carbon nanotubes and silica nanoparticles. Proc Inst Mech Eng
Part L J Mater Des Appl 232:785-799. https://doi.org/10.1177/
1464420716649403

Srivathsan A, Vijayaram B, Ramesh R, Gokuldass (2017) Inves-
tigation on mechanical behavior of woven fabric glass/Kevlar
hybrid composite laminates made of varying fibre inplane ori-
entation and stacking sequence. Mater Today Proc 4:8928-8937.
https://doi.org/10.1016/j.matpr.2017.07.244

Reddy A, Reddy B, Reddy K (1970) Application of design of
experiments and artificial neural networks for stacking sequence
optimizations of laminated composite plates. Int J Eng Sci Tech-
nol 3:295-310. https://doi.org/10.4314/ijest.v3i6.24

Lei XD, Wu XQ, Zhang Z et al (2021) A machine learning model
for predicting the ballistic impact resistance of unidirectional
fiber-reinforced composite plate. Sci Rep 11:1-10. https://doi.
org/10.1038/s41598-021-85963-3

Fernandez-Fdz D, Zaera R (2008) A new tool based on artifi-
cial neural networks for the design of lightweight ceramic-metal
armour against high-velocity impact of solids. Int J Solids Struct
45:6369-6383. https://doi.org/10.1016/j.ijsolstr.2008.08.009
Fibermax composites. https://www.fibermaxcomposites.com/
shop/

Publisher's Note Springer Nature remains neutral with regard to
jurisdictional claims in published maps and institutional affiliations.

@ Springer


https://doi.org/10.1016/j.matdes.2011.11.006
https://doi.org/10.1016/j.matdes.2011.11.006
https://doi.org/10.3390/coatings11010094
https://doi.org/10.1155/2014/413753
https://doi.org/10.1007/s12206-017-0128-y
https://doi.org/10.1007/s12206-017-0128-y
https://doi.org/10.1016/j.compositesb.2009.08.002
https://doi.org/10.1016/j.compositesb.2009.08.002
https://doi.org/10.20944/preprints201812.0302.v1
https://doi.org/10.20944/preprints201812.0302.v1
https://doi.org/10.1016/j.compstruct.2013.02.020
https://doi.org/10.1016/j.compstruct.2013.02.020
https://doi.org/10.1016/j.compstruct.2010.04.008
https://doi.org/10.1016/j.compstruct.2010.04.008
https://doi.org/10.1016/j.msea.2007.01.131
https://doi.org/10.1016/j.msea.2007.01.131
https://doi.org/10.3390/polym10111262
https://doi.org/10.3390/polym10111262
https://doi.org/10.1016/j.compositesa.2008.03.002
https://doi.org/10.1016/j.compositesa.2008.03.002
https://doi.org/10.1016/j.compstruct.2017.03.068
https://doi.org/10.1016/j.compstruct.2017.03.068
https://doi.org/10.1016/j.jksues.2020.07.002
https://doi.org/10.1016/j.jksues.2020.07.002
https://doi.org/10.3390/polym13071012
https://doi.org/10.3390/polym13071012
https://doi.org/10.1007/s40430-021-03139-6
https://doi.org/10.1007/s40430-021-03139-6
https://doi.org/10.1016/j.jmrt.2021.08.108
https://doi.org/10.17485/ijst/2013/v6i8.22
https://doi.org/10.17485/ijst/2013/v6i8.22
https://doi.org/10.1016/j.dt.2020.04.011
https://doi.org/10.1177/1464420716649403
https://doi.org/10.1177/1464420716649403
https://doi.org/10.1016/j.matpr.2017.07.244
https://doi.org/10.4314/ijest.v3i6.24
https://doi.org/10.1038/s41598-021-85963-3
https://doi.org/10.1038/s41598-021-85963-3
https://doi.org/10.1016/j.ijsolstr.2008.08.009
https://www.fibermaxcomposites.com/shop/
https://www.fibermaxcomposites.com/shop/

	Prediction of impact performance of fiber reinforced polymer composites using finite element analysis and artificial neural network
	Abstract
	1 Introduction
	2 Methodology
	2.1 Finite element analysis
	2.2 Artificial neural network

	3 Results and discussion
	3.1 Finite element analysis results
	3.2 Artificial neural network results
	3.3 Validation and inference

	4 Conclusion
	References




