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Abstract- As the study of fatigue failure of composite
materials needs a large number of experiments as well
as long time, so there is a need for new computational
technique to expand the spectrum of the results and to
save time. The present work represents a new technique
to predict the fatigue life of Woven Roving Glass Fiber
Reinforced Epoxy (GFRE) subjected to combined
completely reversed bending moments and internal
hydrostatic pressure, at different pressure ratios
(P), P,.=10,0.25,0.5,0.75 (i.e. pressures amounting
to 0%, 25%, 50% and 75% of the burst pressure). Two
fiber orientations, [0°90°]s and [£45°]; are considered.
Two neural network structures, feed-forward (FFNN)
and generalized regression (GRNN), are applied,
trained and tested. The groups of data considered, are
the maximum stress and the Pressure ratio with the
fiber orientation. On the other hand, more accurate
prediction method is obtained by using a useful expert
system which is designed to aid the designer to decide
whether his suggested data for the composite structure
is suitable or not. In this expert system a neural
network is designed to consider the design data as input
and to get yes or no as output. The results show
improvement when using the one input life (N) of the
maximum stress (65,) and the pressure ratio (P,). Also
the feed-forward neural network shows better results
than that given by the generalized regression network.
The designed expert system helped the designer with
al00% correct conclusions about his decision of the
combination of the proposed data.
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I. INTRODUCTION

The study of the fatigue phenomena is more
complex for composite materials [1] than for the
conventional ones. This is due to inhomogenity of
composites, as they contain numerous internal
boundaries. These boundaries separate the constituent
materials that have different responses and different
resistances to the long-term applications of external
influences.

A wide literature review showed that the fatigue
behavior of composite materials is dependent on
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many factors. However, it is impossible to include all
of them in a single laboratory test.

Modeling of these factors effects involves the
development of a mathematical tool derived from
experimental data. Once the model is established it
can significantly reduce the experimental work
involved in designing new polymer composite. For
this reason, Artificial Neural Networks (ANN) has
recently been introduced into the field of polymer
composites [2].

Lee et al. [3] carried out an ANN predication on
the fatigue life of some carbon/glass fiber reinforced
plastic (CFRP/GFRP) laminates. Three fatigue
parameters (peak stress, minimum stress and
probability of failure) as well as four mono- tonic
mechanical properties (tensile strength, compression
strength, tensile failure strain and tensile modulus)
were selected as the ANN inputs, which were applied
to predict the fatigue life of the composite as the
output. They concluded that the ANN’s can be
trained at least to model constant — stress fatigue
behavior as well as other current life predica-tion
methods and can provide accurate representations of
the stress, stress ratio and median life for carbon fiber
composites from a quite small experimental dataset.

The ANN predictive results of Aymerich and
Serra [4] confirmed that the properties of the basic
element (lamina) and their orientation within the
laminate strongly affect the fatigue performance of
composite lami-nates. It is concluded that an ANN is
a very attractive approach to predict fatigue life of
laminate composites, although a larger data- set is
needed when increasing the number of laminate
parameters.

Al-Assaf and FEl-Kadi [4] applied the ANN
approach to predict the fatigue life of unidirectional
glass fiber/epoxy composite. Only the stress ratio (R
= minimum stress/ maximum stress), the maximum
stress and the fiber orientation angle were used as the
ANN input, and the output was the number of cycles
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to fatigue failure. In order to improve the predictive
accuracy, other types of ANN’s were considered in a
later publication [5].

El-Kadi and Al-Assaf [6] used the strain energy
to be the input to the artificial neural network to
predict the fatigue life of glass fiber/epoxy
composites.

Choi S.W. et al. [7] studied the fatigue damage
predication in notched composite laminates using an
artificial network. The ANN model was developed to
describe the split growth in notched AS4/3501-6
graphite/ epoxy quasi- isotropic laminates under con-
stant amplitude fatigue. The ANN model is found to
work well.

In the present study, a new technique to simulate
and predict the fatigue life of woven- roving glass
fiber reinforcement epoxy (GFRE) composite
material subjected to combined internal pressure and
completely reversed bending with variable pressure
ratios (P =0,0.25,0.5,0.75) at two fiber
orientations, /0,90°] 3, and [£45°] ;.

The neural network is used in this study and
compared to the experimental data [8]. Two neural
network structures, feed-forward and generalized
regression, are applied, trained and tested. An expert
system is designed to predict whether the quality of
the wused composite will meet the needed
requirements of stress and number of cycles to failure
whatever the orientation angle is.

1L EXPERIMENTAL WORK

The dataset used in this work is adapted from
reference [8]. The tests were conducted on thick
closed end tubular specimens under four-point
pressure configuration. The loading system produces
a bending moment in the form of sine wave with
constant stress ratio, the minimum to the maximum
stresses equal to (-1). At each pressure ratio both the
maximum stress and the number of cycles to failure
N were measured. Two fiber orientations; [0,90°] 3,
and [£45°;, are tested for each P.. The test results
are fitted to give the following equation.

Gmax = aNb (1)

The values of a and b for both fiber orientations
are displayed in Table (1) and Table (2).
11I1. STRESS STATE

Specimens are subjected to combined bending fatigue
moments and internal Pressure with different
pressure values. Being closed end cylindrical in
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shape, their global stress (o), (ay) and (Txy) may
be found from the following equation:

M
Oy =Ty+al, 0, = oy and T,, =0

Where:
M : applied bending moment (M = M,, +
M, sin(wt)).
M, and M, mean and amplitude bending
moments, respectively.
I second moment of area for tube; I =
(m/64)(ds — d}).
0;:  Longitudinal stress (MPa), (g
P12 /1,? — 1;%)for thick tube.

oy: Hoop stress (MPa),
(oy = (Pr% /1,2 = 1)L + 1,2 /1)) for
thick tube.

P; : Internal pressure.
d, and d; : Outer and inner diameters of the
specimen, respectively and r = d;/ 2.

The [0°,90°] 5, specimens had a pure local stress state,
01 =0y, 0 =0, and 0, =0, while the [+45°;
specimens had 1 ocal stress state, o7 =0, =
(1/2)(o, + ay) and o = (1/2)(o, — Jy).

TTABLE LFATIGUE CONSTANTS (A) AND (B) FOR [0°,90°]5,

SPECIMENS
Pressure ratio [0,90°] 5

(Py) a (MPa) b Correlation

factor

0 314.3 -0.1361 0.9926

0.25 242.5 -0.1359 0.9858

0.5 163.2 -0.133 0.9837

0.75 99.88 -0.1305 0.9811

TABLE IL.LFATIGUE CONSTANTS (A) AND (B) FOR [+45°]3,

SPECIMENS
Pressure ratio [245° 5,

(Py) a (MPa) b Correlation

factor

0 226.6 -0.1284 0.9953

0.25 169.7 -0.1264 0.9876

0.5 107.5 -0.1218 0.9845

0.75 62.09 -0.1181 0.9803

V. NEURAL NETWORK TO STUDY THE EFFECT OF
STRESS RATIO

An ANN is designed to predict the fatigue life of
glass fiber reinforcement epoxy (GFRE) with the
maximum bending stress o,,,, and pressure ratio P,, as
the input and the number of cycles to failure N is the
output. Two neural network structures, feed forward
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FFNN and generalized regression GRNN, are
applied, trained and tested.

A. A feed-forward Neural Network FFNN

A feed-forward NN with the structure is applied
for training the data of /0,90°]; and [+45°];, fiber
orientations at different pressure ratios (B.). Fig.1
shows the training performance of suggested feed-
forward NN. Fig.2 and Fig.3 represent the
comparison between the experimental data and the
feed forward neural network FFNN predicted number
of cycles to failure at (P, = 0, 0.25,0.5) for both fiber
orientations. The results of this case show much
satisfactory predication quality for this case study.
Fig.4 and Fig.5 shows the comparison between the
experimental data and the feed forward neural
network FFNN expected data at(P. = 0.75). From
these Figures, it noted that the expected data from the
suggested feed forward neural network FFNN are
applicable with the experimental data.

Best Validation Performance is 1481213915.3834 at epoch §
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Figure 1.Training performance of suggested feed-forward NN
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Figure 2.Comparison between the experimental data and the feed
forward neural network FFNN predicted data for [0,90°]5,
specimens withP, = 0,0.25,0.5
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Figure 3.Comparison between the experimental data and the feed
forward neural network FFNN predicted data for [+45°]s;
specimens withP, = 0, 0.25,0.5
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Figure 4.Comparison between the experimental data and the feed
forward neural network FFNN Expected data for [0,90°]5,
specimens withP, = 0.75
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Figure 5.Comparison between the experimental data and the feed
forward neural network FFNN Expected data for [+£45°]s;
specimens withP, = 0.75

B. Generalized regression Neural Network

A generalized regression NN [9] is designed
based on two layers, the first, input layer, has radial
basis neurons while the second layer has pure linear
ones. This network is trained by the measured values
of 0,,4c , P, 6 and N. Fig.6 shows the Schematic
[lustration of GRNN design for present study with
input data o,,,, , P,, @ and N.
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Fig.7 and Fig.8 represent the comparison
between the experimental data and the generalized
regression neural network GRNN predicted number
of cycles to failure at (P, = 0, 0.25,0.5) for both fiber
orientation. The results show much better predication
quality for the case of [+45°];, than [0,90°]; and,
which represents the same conclusions found when
using feed-forward NN discussed earlier. One can see
that the time needed in the present net is much
smaller than the CPU time found in feed-forward
NN.

Fig.9 and Fig.10 shows the comparison between
the experimental data and the generalized regression
neural network GRNN expected data at (B. = 0.75).
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Figure 6.Schematic Illustration of GRNN design for present study
with input data Gy , Py, 0 and N
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Figure 7.Comparison between the experimental data and the
generalized regression neural network GRNN predicted data for
[0,90°]5 specimens withP. = 0, 0.25,0.5
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Figure 8.Comparison between the experimental data and the
generalized regression neural network GRNN predicted data for
[+45°]5s specimens withP, = 0,0.25,0.5
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Figure 9.Comparison between the experimental data and the
generalized regression neural network GRNN Expected data for
[0,90°]5 specimens with P, = 0.75
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Figure 10.Comparison between the experimental data and the
generalized regression neural network GRNN Expected data for
[£45°]35 specimens with P, = 0.75

V. EXPERT SYSTEM DESIGN

It is very useful from the designer point of view
to have an expert system aids to decide whether his
suggested design for composite structure is suitable
or not. A NN system is designed to consider the
maximum stress, pressure ratio P, and the number of
cycles to failure N needed, as inputs and to get yes or
no as output.

Table (3) and Table (4) gives the values of mean
square error (MSE), mean absolute relative error N,
and CPU time in seconds (see Equations 2 and 3)
between the expected and experimental data for both
networks in order to compare between the
performances of two networks.

The performances of two networks data in Table
(3) and Table (4) were drawn in Fig.11 for easily
comparison.

_N)2
MSE = M )
ABS (Npp —N)
=21 () ©)
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VI CONCLUSIONS (Attribution 4.0 International, CC BY 4.0)
According to the above simulation iti s
concluded that: This article is published under the terms of the Creative
Commons Attribution License 4.0
1) Both feed forward neural network FFNN and https://creativecommons.org/licenses/by/4.0/deed.en_US

generalized regression neural network GRNN are
suitable for life prediction of GFRE.

2) The results show much better predication quality
for the case of [+45°;, than [0,90°];s for both
feed forward neural network FFNN and
generalized regression neural network GRNN. ,
Table (3) and Table (4) and Fig.11.

3) The feed forward neural network FFNN is more
suitable than generalized regression neural
network GRNN for representing case study of
GFRE, Table (3) and Table (4) and Fig.11.
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