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ABSTRACT: In the fabrication and monitoring of parts in composite structures, which are being used more and
more in a variety of engineering applications, the prediction and fatigue failure detection in composite materials is
a difficult problem. This difficulty arises from several factors, such as the lack of a comprehensive investigation of
the fatigue failure phenomena, the lack of a well-defined fatigue damage theory used for fatigue damage prediction,
and the inhomogeneity of composites because of their multiple internal borders. This study investigates the fatigue
behavior of carbon fiber reinforced with epoxy (CFRE) laminated composite plates under spectrum loading utilizing a
unique Deep Learning Network consisting of a convolutional neural network (CNN). The method includes establishing
Finite Element Model (FEM) in a plate model under a spectrum fatigue loading. Then, a CNN is trained for fatigue
behavior prediction. The training phase produces promising results, showing the model’s performance with 94.21%
accuracy, 92.63% regression, and 91.55% F-score. To evaluate the model’s reliability, a comparison is made between
fatigue data from the CNN and the FEM. It was found that the error band for this comparison is less than 0.3878 MPa,
affirming the accuracy and reliability of the proposed technique. The proposed method results converge with available
experimental results in the literature, thus, the study suggests the broad applicability of this method to other different
composite structures.

KEYWORDS: Deep learning; structural health monitoring (SHM); CFRE; convolutional neural network (CNN);
spectrum fatigue loading; composite plates

1 Introduction
Recently, there has been a significant surge in composite materials, driven by their unique benefits.

These materials offer improved damage tolerance capability, involving specific strength, stiffness, and fatigue
resistance. The unique composite materials’ properties have led to their widespread application across
various structural domains, such as automotive, aerospace, and marine industries. The growing utilization
of composite materials highlights their adaptability and efficiency in meeting the demanding requirements
of diverse structural applications.

The availability of an efficient Structural Health Monitoring (SHM) system is of paramount importance,
particularly for structures where failure could lead to catastrophic loss of life. The key role of an SHM
system is to continually detect structural state and assess safety, predict remaining life based on data from
installed sensors, and detect damage in its early stages. This proactive approach purposes to prevent potential
failures and avert catastrophic accidents [1]. Despite the several advantages associated with reliable SHM
systems, numerous challenges hamper their implementation in the operating environment, particularly in
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the initial stages. Addressing these issues is critical because they often necessitate extensive computational
efforts and continuing system maintenance. Researchers have widely discussed these issues in implementing
SHM systems, as mentioned in the most current review paper by Hassani et al. [2]. This highlights
the need for continued efforts to overcome difficulties and ensure the effective use of SHM systems in
operational environments.

Lately, deep learning (DL) has emerged as the most promising method within the artificial intelligence
realm and has garnered substantial attention [3]. An improvement in hardware performance has eased the
application of DL models to address complex problems, ranging from semantic understanding and face
recognition to big data classification. Over the last few years, various DL models have been developed, such
as CNN [4], recurrent neural networks [5], and Generative Adversarial Networks [6]. These models show
the adaptability and versatility of DL in addressing different challenges across various domains.

The damage identification-based conventional deep learning models need to provide a series of data as
features for input to classify the SHM responses [7]. The features extracted are considered the main cause
of the suitable detection of structural damage. The structural characteristics such as geometry, boundary
conditions, and types of damage are considered the main reasons for extracting the sensitive features, which
may change with time. Also, the other more sensitive features that affect the damage-sensitive are the
operational and environmental effects of structures [8].

In addition, the complexity in the fatigue damage identification may be affected by uncertain sources
when structures are affected by outside noise such as fatigue loading, environmental noise, and boundaries.
This may be changed by the fatigue damage intensity, and sensors measuring signals, which hinders the
fatigue damage identification. Therefore, artificial intelligence (AI) algorithms came to solve these problems
such as a convolutional neural network (CNN),

Deep learning is really taking off, and CNN has become super popular for computer vision stuff [9].
Lately, a lot of researchers have been focusing on using CNN to spot damage in buildings and machines.
For instance, Cha et al. [10] worked on crack detection using a cool mix of sliding window techniques and
CNN. Then, Dorafshan et al. [11] kept a database of crack images from 2018 and used CNN to identify them.
They even came up with a hybrid method that combines CNN with edge detection, and it seems to work
better [12]. Ni et al. [13] took it a step further by using a CNN framework to automatically classify cracks in
images down to the pixel level.

In recent years, the studies of structural dynamic analysis in literature have reported in a few
applications including: using CNN for fatigue crack evaluation of a lap joint structure with the Guided
Wave–Convolutional [14], predict structural seismic response [15], natural frequency prediction of basalt
fiber reinforced polymer (BFRP) Variable Thickness Plates with Intermediate Elastic Support [16], fatigue
crack identification for steel pipelines [17], predict structural seismic random responses [18] and carry out a
probabilistic assessment based on DL’s dynamic response of the structure [19].

It is good to adopt an AI technique to investigate the fatigue behavior of composites. However, it should
discuss the necessity of using AI for investigating fatigue behavior. Besides, for AI models, their complex
structures and numerous parameters often make them challenging to interpret. This inherent difficulty
in understanding the information and decisions generated by AI systems raises concerns regarding their
reliability and trustworthiness, especially in critical applications. To address this limitation, interpretable
Artificial Intelligence has been extensively studied [20,21].

With the continuous advancement of DL technology, CNN has been widely used in the SHM of
composite structures [22–24]. Also, several other academics have attempted to extract apparent fatigue
behavior from composite structures using CNN such as El-Kadi and Al-Assaf [25] employed strain energy
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as input for an artificial neural network (ANN) to forecast the fatigue life of glass fiber/epoxy (GFRE)
composites. They compared the outcomes with those attained using inputs such as fiber orientation angle,
maximum applied stress, and stress ratio in the ANN. Similarly, Choi et al. [26] investigated fatigue damage
prediction in composite laminates has notches using an ANN. Their model was developed to characterize
crack growth in notched AS4/3501-6 epoxy/graphite quasi-isotropic laminates under fatigue load with
constant amplitude. These studies highlight the Anns’ versatility, particularly CNN, in capturing complex
fatigue behaviors in composite materials.

There have been a bunch of studies showing how good ANN models can be. For example, Zhang and
Friedrich [27] worked on using them to predict how fiber-reinforced polymer (FRP) and other materials
behave under stress and fatigue. They found that with the right training and testing, these models fit the
data pretty well. They even suggested stopping the learning process early if the model starts to make things
worse, like if the validation error goes up after a certain point, and that we should minimize the weight biases.
Then there’s the research by Jia and Davalos [28], where they looked at how stress ratios affect the fatigue
in interfaces between phenolic FRP and red maple wood. They developed an ANN using various inputs like
maximum and minimum strain energy release rates and loads. The output from their model was the crack-
front spread rate, which showed just how adaptable ANNs can be in tackling complex fatigue issues. They
used a multi-layer ANN with a hidden layer that had 25 neurons and found its predictions lined up really
well with theoretical results. Another study by Vassilopoulos et al. [29] created an ANN to estimate how
long multidirectional glass fiber reinforced polymer (GFRP) would last under different loading patterns like
tension-tension and compression-compression. They showed that ANNs could effectively simulate fatigue
life and confirmed their modeling accuracy. Their model included eight hidden neurons and took into
account factors like fiber orientation and stress levels, with the output being the number of cycles to fatigue.
This really shows how useful ANNs can be for predicting fatigue life in different situations.

So, it looks like the suggested neural networks matched up pretty well with the experimental results.
Instead of the usual feed-forward type, Freire et al. [30] used two different kinds of Modular Neural Networks
(MNN), with or without a gating network, to predict how fiberglass composites would hold up under stress.
They set up both MNN versions using multilayered perceptrons, with one hidden layer. They played around
with how many neurons were in that layer, ranging from 4 to 30, depending on the load on the material. The
inputs for their network were the number of cycles until failure and the alternating stress, while the mean
stress came out as the output. They showed that their MNN did a better job overall, especially the one that
took the load into account. Then Bezazi et al. [31] put together a bunch of ANN structures using Bayesian
training methods and maximum probability to predict the fatigue life of these GFRP laminated PVC foam
core sandwich samples. They crafted an MLP structure, using the loading value and the cycle count until
failure as the inputs, with the reduced force as the output. When they compared everything, it looked like
there was a solid agreement between their ANN and what the experiments showed.

In the studies mentioned, the authors used neural networks to figure out how long FRP composites last,
focusing on just one type of composite material. Some research looked into predicting how long materials
would last based on either a specific composite or by using data from other types of laminates when fatigue
data wasn’t available. El-Kadi [32] started this line of research, and then El-Kadi and Al-Assaf [33] trained
a multi-layer neural network to predict the fatigue life across four different composite materials. They
considered factors like strength, modulus, fiber orientation, and the stress applied. For their results, they
looked at performance measures like mean square error (MSE) and mean absolute error (MAE), and found
that the MAE for the Log (N f ) was 0.904. They also calculated the MSE to be 0.904 and the MSE was 36.2%.

This research presents the CFRE composite plate fatigue behavior prediction under spectrum fatigue
loading using a novel CNN group-based deep learning technique. The evaluation metrics of accuracy
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rate (P%), recall rate (R%), and F-score (F%) index are presented for method evaluation. These metrics
demonstrate the efficacy of the suggested strategy. The suggested technique results have convergence with
obtainable experimental results in the literature; thus, the study suggests the broad applicability of this
method to other different composite structures. Fig. 1 shows the proposed framework of the fatigue behavior
prediction technique. The method in Fig. 1 includes establishing Finite Element Model (FEM) in a plate
model under a spectrum fatigue loading for some stress ratios (R). Then, used the fatigue behavior data from
FEM to train a CNN for fatigue behavior prediction for various stress ratios (R) that are not included in the
FEM data. The performance index, such as mean square error (MSE), is used and computed to be 38.4%.

Figure 1: The proposed method block diagram

2 System Modeling

2.1 Fatigue Damage Mechanism for FRP Composite Laminates
Fig. 2 presents the damage behaviour during the fatigue cycles. As shown in the Figure, a three Regions

in total must be happened until failure occurs from the first Region I of micro-cracks appear inside the matrix
through Region II of developing the matrix cracks during increasing of the fatigue cycles until the fiber
breakage occurs in the third region, and then the failure occurs due to the fatigue damage accumulation [34].
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Figure 2: Crack progression mechanism in unidirectional composites

2.2 The CFRE Plate’s Material Model
The plate was fabricated utilizing three layers of CFRE arranged in a stacking sequence of [0/ + 45/ −

45]S , ensuring symmetry with the other three plies. The plate is square and fully fixed on all four sides, with a
side length of 280 mm and a thickness of 15 mm. The structural characteristics of the CFRE composite plate
comprise Ex = 195 GPa, Ey = Ez = 35 GPa, Gx y = Gxz = 15 GPa, Gyz = 3.78 GPa, νx y = νxz = 0.3, νyz = 0.28,
and a density of 2.7g/cm3. The composite plate uses the SHELL99 element type.

Figs. 3 and 4 depict the geometric model of the plate structure, showcasing fully fixed supports (CCCC)
at each of the four ends, highlighted in blue. The element type is a rectangular 4-node, the total number of
nodes and elements at each ply are 441 and 400, respectively.

Figure 3: Boundary conditions

2.3 The Stress Representation
The plates are exposed to variable amplitude block loadings that are applied in the middle of the plate,

usually known as spectrum loading, through a sequence of sequential block tests. Each test involved series
blocks with varying positive and negative stress ratios (R), compatible with constant amplitude fatigue tests.
A schematic representation of a block stress sequence is shown in Fig. 5. It is easier to understand the Fig. 5
spectrum loading model by first looking at a scenario in which just three load segments are taken into
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account: n1 cycles at maximum (or minimum) stress σmax(1), n2 cycles at σmax(2), and n3 cycles at σmax(3)
(Fig. 5). Let N1 represent the number of cycles to failure in the case that σmax(1), N2 represent the cycles to
failure in the case that σmax(2), and N3 represent the cycles to failure in the case that σmax(3) is applied alone.
If one starts with loading σr(m) instead of σr(m−1), the question is determining how many cycles Nmu at σr(m)
are needed to obtain the same residual strength σr(m−1).

Figure 4: Finite element model

Figure 5: Schematic of loading spectrum as a function of cycles

The distribution of the Weibull probability density can be used for determining residual strength. Where
Nmu is the fatigue life after (m − 1) load segments for the same residual strength and constant amplitude
σmax(m), and can be expressed as:

Nmu =
Nm − 1
ln Nm

[∑m−1
i=1

ni

Ni − 1
ln Ni] (1)

Also, the residual strength σr can be determined during fatigue life via the parameters of the Weibull for
static strength distribution. Eq. (2) gives the residual strength σr(m) of the proposed case study at (m) load
segments as:

σr(m) = σ f s

�
����(1 − [R(m)]

k)
kθ

(2)

where θ is the fiber angle; k is the layers number, and σ f s is the strength statistical.
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The laminate composite plate was subjected to spectrum fatigue loading as shown in Figs. 5–7 show Von
Mises stress and Displacement distributions, respectively. From the figure, we can see that the values of the
maximum stress and displacement are 8095.65 MPa and 0.006847 m, respectively.

Figure 6: Z-component of displacement

Figure 7: Von mises stress

2.4 The Fatigue Behavior of CFRE Composite Plate (S-N)
To obtain an S-N curve from FEM, its need to perform a series of fatigue simulations on a plate, varying

the applied stress amplitude and recording the number of cycles to failure. These data points (stress amplitude
vs. cycles to failure) are then plotted on a graph, often on a log-log scale, to generate the S-N curve. Here’s a
more detailed breakdown:

Define the FE Model: Create a finite element model of the plate you’re analyzing. Then define the
material properties, including Young’s modulus, Poisson’s ratio.

Define Fatigue Events: In your simulation software (ANSYS), set up a fatigue study under spectrum
loading, and apply different load levels to the model in separate simulations. For each load level, define the
corresponding stress amplitude.
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Run Fatigue Simulations: Run a series of simulations, each with a different stress amplitude. The goal
is to determine how many cycles the material can withstand before failure at each stress level. The ANSYS
will calculate the stress distribution within the model for each load case and estimate the fatigue life (number
of cycles to failure).

Extract and Plot Data: After each simulation, extract the number of cycles to failure at multiple
locations in the model. Plot the extracted data points (stress amplitude vs. cycles to failure) on a graph.
Typically, this is done on a log-log scale, as fatigue behavior often follows a power law relationship. The
resulting curve represents the S-N curve for the material under the specific loading conditions.

Refine and Validate: You can refine the S-N curve by performing more simulations at intermediate
stress levels. The S-N curve can be validated by comparing it with experimental data or with S-N curves from
other sources.

The S-N curve of the relationship between the fatigue life N f and the fatigue stress S f is shown in Fig. 8
at the stress ratio (R = 0.5) between the minimum and maximum stresses using ANSYS’s scripting features.

Figure 8: S-N curve of BFRP composite plate for stress ratio R = 0.5

The fatigue life response (S-N curve) of presented case study can be fitted as power formula S f = aN f
b ,

as shown in the Fig. 8, the fitting formula has been acceptable by giving a suitable value of the correlation
factor (C.F) closed to unit value equal 0.9677, the fatigue constants of power formula a and b were found to
be 222.6 MPa and −0.0731, respectively, rendering the power formula.

2.5 The Fatigue Damage Model D-N Curve for the Case Study Material
So, the fatigue damage models like the Philippidis Model and the Ramkrishnan-Jayaraman Model have

a few general terms, but they kind of overlook the whole temperature thing. They mainly focus on two big
areas: material and structure, and they also look at a few key factors like Young’s modulus E, volume fraction
V , fiber orientation θ, the strength of the interface between fiber and matrix f ∗, maximum stress applied
σmax , ultimate tensile stress σul t , load and stress ratio R, number of cycles N , and how temperature T affects
all this.

D = D (Ec , E f , Vf , θ , f ∗, σmax , σul t , N , N f , R, T) (3)
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When we talk about composite materials, the damage index we come up with is often tied to failure
criteria like Tsai-Wu and Hashin, which you can see in Table 1. These help predict when damage starts and
how it spreads, and the damage index gives a number that shows how bad the damage.

Table 1: The cumulative damage parameters for Different Composite materials [35]

Parameter CFRE GFRE AFRE BFRE
Fatigue life N f 6.34*104 6.15*104 5.97*104 6.12*104

Young’s modulus of matrix Em (GPa) 3.3 4.73 3.58 4.06
Volume fraction of matrix Vm 0.35 0.38 0.30 0.43

Young’s modulus of fiber E f (GPa) 228 82 113 97
Volume fraction of fiber Vf 0.55 0.49 0.58 0.53

Young’s modulus of composite Ec (GPa) 187 43 136 84
Polymer melting point Tm (○K) 448 450 453 446

Fiber-matrix interface strength f ∗ 0.51 0.50 0.48 0.52
Fatigue stress S f (MPa) 153 119 104 137

Ultimate tensile stress Sul t (MPa) 1854 1100 903 1409
Minimum fatigue stress σmin (MPa) 16.2 12.9 11.6 14.2
Maximum fatigue stress σmax (MPa) 166 130 120 139

Stress ratio R 0.098 0.099 0.097 0.10
Percentage of drop in stiffness n 1.66 1.67 1.69 1.66

Note: These parameters can be found in [35].

We figured out that three main factors—Young’s modulus of the composite Ec , the composite’s ultimate
tensile strength σul t , and its fatigue life N f —do depend on temperature. In the end, the damage behavior in
the BFRP composite pipeline under fatigue and thermal loading (which leads to cumulative damage) can be
explained with a formula, which is in Formula (4), and if you check out Table 1, you’ll see all the parameters
laid out there.

D =
⎧⎪⎪⎨⎪⎪⎩
(1 − F

Ec (T)
) (1 − f ∗) ln (N + 1)

ln (nN f )

⎫⎪⎪⎬⎪⎪⎭
+ {(1 − F

Ec (T)
) f ∗ ( N

nN f
)}

+
⎧⎪⎪⎪⎨⎪⎪⎪⎩

F
Ec (T)

(1 − σmax (1 − R)
2σul t (T)

)
ln (1 − N

nN f
)

ln ( 1
nN f
)

⎫⎪⎪⎪⎬⎪⎪⎪⎭
(4)

The parameters of the D-N curve for four different types of composite materials (CFRE, GFRE, AFRE,
and BFRE) are presented in Table 1. The D-N curves of CFRE, GFRE, AFRE, and BFRE are plotted in Fig. 9,
The cumulative fatigue damage index is suitable for the rule in the Formula (4) for the failure mode of the
presented case study.
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Figure 9: D-N curve for different materials (CFRE, GFRE, AFRE, and BFRE)

3 Convolutional Neural Network (CNN)
To build a CNN pattern that can forecast fatigue behavior from FEM datasets of the CFRE composite

plate, a multilayer CNN is set up. To locate the promising CNN architecture, the network is systematically
developed and trained to generalize the suggested CNN model. The structure of the suggested CNN layers in
the current work is presented in Fig. 10 includes a convolution layer (C1), a pooling layer (S1), a flatten layer
(F), and Fully-connected layers. The details of the pooling and convolution layers are introduced in Table 2.

Figure 10: The layers connection of the proposed CNN model for fatigue behavior identification in the CFRE composite
plate

Table 2: Convolution layers details

Layer Kernel size Number of parameters Number of connections
C1 16 × 16 512 808,452,096
S1 12 × 16 16 76,021,760

(Continued)
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Table 2 (continued)

Layer Kernel size Number of parameters Number of connections
C2 16 × 16 // //
S2 12 × 12 // //
F 112 × 1 // //

Table 2 presents the details convolution layers components, The I/P matrix size is selected as 16 × 16
features for each neuron map of the neuron, whereas, the feature map has a matrix size of 512 × 512. The total
number of filters in the presented CNN is four filters with matrix size 16 × 16 of weights and bias parameters,
resulting in the total parameters of tuning equal to (16 × 16 + 1) × 12 = 3084. Herein used kernel filter for first
convolutional layer C1 between I/P and O/P with total number of connections equals 3084 × (512 × 512) =
808,452,096. The proposed CNN has (6 + 6) × 4 = 48 of tuning parameters for sub-sampling layer S1 with
total connections equals (12 × 12 + 1) × 8 × (256 × 256) = 76,021,760, and so on with the architecture of the
next sub-sampling layer S2 is identical with S1, the flatten layer (F) has connection volume equal 112 × 1 as
shown in Table 2.

So, Fig. 11 shows this 1D fully connected layer sitting between the input layer, which has all the feature
datasets, and the output layer that gives us the target response. The CNN is trained to pick up on this really
valuable nonlinear info using weights (W) and biases (b). If you look closely at the figure, you’ll notice that
after the convolutional and pooling layers, there’s usually a flatten layer, kind of like a bridge connecting the
two. The convolution and pooling layers help pull out the important features from the spatial data, while the
fully connected layers are where the actual classification or regression happens.

Figure 11: The fully-connected layers-type architecture of the proposed CNN

Utilizing mean pooling and one-dimensional convolution, the features are extracted from the FEM data.
Six hidden layers make up the fully linked NN; the total number of neurons in the first three layers is 1024
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each, while the latter three layers have 502 neurons. This process is defined as:

x l
j = f (∑i x l−1

i w l
i j + bl

j) (5)

where x l
j is the i th output map in layer l ; x l−1

i is the i th output map in layer l − 1; wl
i j is the weight; bl

j is the
bias; f (⋅) is a nonlinear function that is applied component-wise.

3.1 Training and Test
To obtain training data and forecast fatigue behavior for various stress ratios (R = 0.25, 0.5, 0.75) of

CFRE composite plate under spectrum loading, utilize the ANSYS FEM result data in Section 2.3. The
suggested technique, which achieves training and testing modes using variable parameters and adaptive
features, is depicted in Fig. 12. To modify the parameters that govern the hidden layers, the training mode
begins with the FEM results data. Fig. 12 shows two stages: testing with known labeled data (expected) on
the left and training with labeled data on the right, respectively. The outcomes of the training mode may lead
to an increase or decrease in the number of hidden layers.

Figure 12: The architecture of the proposed CNN model for fatigue behavior identification



Struct Durab Health Monit. 2025;19(5) 1157

The real data is collected after processing the expected findings multiple times and repeating testing
with CNN until acceptable results are achieved; these results are covered in the following section. Fig. 13
shows the CNN setup, training, and testing model procedures. The training and test MSE loss in supervised
mode is shown in Fig. 14. It is evident that as the epoch increases, the MSE decreases to low values, and after
ten epochs, the losses linked to tiredness behavior show small values and gradually decline. Furthermore,
the test MSE might achieve a stable state earlier and exhibit greater values than the training MSE. Overall,
the created deep learning model performs better during training and testing when it comes to the fatigue
behavior of CFRE composite plates. Table 3 displays the important CNN training parameters.

Figure 13: The steps of CNN training to predict fatigue behavior for different stress ratios (R)

Figure 14: Training and testing MSE loss of the suggested CNN
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Table 3: Key parameters of training

Training time Training time Training rate Attenuation factor
60 s 6.85 s 10−4 10−6

3.2 MATLAB Algorithm of Proposed CNN
The MATLAB algorithm code for designing, training, and testing of suggested CNN is listed in

Algorithm 1 below.

Algorithm 1: Training, and testing of prposed CNN
1: input: d: N f dataset, I: S f , R, W: Network parameter matrix weight wi j and bias b j
2:output: score of CNN trained model on the dataset to predict N f for various S f , R
3: let f be the feature set 3d matrix
4: for i in the dataset do
5: let fi be the feature set matrix of sample l
6: for j in i do
7: Vi ← vectorize( j ,w)
8: append Vi to fi
9: append fi to f
10: ftrain , ftest , ltrain , ltest ← the split feature set and prediction into train subset and test subset
11: M ← DNN (ftrain , ltrain)
12: score← evaluation (l, , ltest , M)
13: return score
14: end for
15:end for

4 Results and Discussions

4.1 The Fatigue Behavior Prediction of the CFRE Composite Plate
The N f prediction data for various stress ratios (R) that are not included in the FEM data are displayed

in Fig. 15. R is chosen at three different values (R = 0.25, 0.5, 0.75). Fig. 15 uses the CNN prediction data at
selected R to plot the S-N curve showing the relation between N f and S f . We subsequently observed that it
was appropriate to match the CNN prediction data of the S-N curve by providing acceptable values of the
C.F., as seen in Fig. 15, by applying the power formula S f = aN f

b . Table 4 displays the fatigue constants for
each R.
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Figure 15: The prediction data of S-N curves of the CFRE plate for R = 0.25, 0.5, 0.75

Table 4: The fatigue constants of prediction data for different stress ratios

R a (MPa) b C.F
0.25 233.5 −0.06007 0.9847
0.5 222.6 −0.0731 0.9677
0.75 224.1 −0.1019 0.9593
0.25 233.5 −0.06007 0.9847

Fig. 16 shows a comparison to evaluate the error between predicted data of CNN and data results of FEM
for S f at R = 0.25, 0.5, 0.75. As shown in the figure, the error band for this comparison from the diagonal
line is less than 0.3878 MPa, affirming the accuracy and reliability of the proposed technique.

Figure 16: A comparison between fatigue data from the CNN and the FEM
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4.2 Validity of the Proposed Technique
4.2.1 Experimental Validation

In this part of the present work, the available test dataset adapted dataset by Kumar and Swamy [36] to
study the GFRE laminated composites fatigue behavior is used to verify the present technique.

As shown in Fig. 17, the specimens (13 mm width, 120 mm length) are subjected to fatigue load, They
used the constant amplitude type of an in-house built rotating bending fatigue test rig to determine the
fatigue strength of GFRE, and the testing machine operating frequency was limited to 10 Hz. A simple
helical winding pattern (±) was fabricated in the specimens The GFRE laminated composite was fabricated
at the desired orientation angle of [±45]2. The specimen’s material parameters of GFRE composites are listed
in Table 5.

Figure 17: (a) The specimens geometrical (b) The fatigue testing machine components [36]

Table 5: The specimen’s material parameters

Fatigue life N f 6.15*104

Young’s modulus of matrix Em (GPa) 4.73
Volume fraction of matrix Vm 0.38

Young’s modulus of fiber E f (GPa) 82
Volume fraction of fiber Vf 0.53

(Continued)
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Table 5 (continued)

Fatigue life N f 6.15*104

Young’s modulus of composite Ec (GPa) 43
Polymer melting point Tm (○K) 450

Fiber-matrix interface strength f ∗ 0.50
fatigue stress S f (MPa) 119

Ultimate tensile stress Sul t (MPa) 1100
Minimum fatigue stress σmin (MPa) 12.9
Maximum fatigue stress σmax (MPa) 130

Stress ratio R 0.099
Percentage of drop in stiffness n 1.30

Fatigue life N f 2620
Young’s modulus of matrix Em (GPa) 1110

Volume fraction of matrix Vm 1785

The Fatigue life of GFRE composites was estimated experimentally under stress ratio R = 0.1, A
description of the comparison between the proposed method and experimental results dataset adapted by
Kumar and Swamy [36] is shown in Fig. 18 as an S-N curve. A good convergence is clear in the Fig. 18 between
the FEM of Kumar and Swamy [36] work, and CNN data. Also, the outcomes indicate that the suggested
idea can successfully of fatigue behavior in other different composite structures.

Figure 18: A comparison between the proposed method and experimental datasets adapted by Kumar and Swamy [36]
of the S-N curve for GFRE composites
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4.2.2 Present Algorithm Accuracy and Reliability Evaluation
Accuracy rate (P%), regression rate (R%), and F-score (F%) are very important indicators that should be

calculated in order to measure the training process performance. These are used to measure the performance
of the proposed approach for fatigue behavior in laminated composite plates. Accuracy rate is known as
the proportion of accurately identified data between the total data (i.e., fatigue life N f datasets), while the
regression rate is known as the proportion of the correctly identified data of damage, and the F-score is a
measure of the training accuracy.

P% = NTPR

NTPR + NFPR
(6)

R% = NTPR

NTPR + NF N R
(7)

F% = 2NTPR

2NTPR + NF N R + NFPR
(8)

where false negative rate (NF N R), false positive rate (NFPR), true negative rate (NT N R), and true positive
rate (NTPR) [37,38].

In this study, 470 samples of testing data were prepared, divided into 56 samples of plate fatigue life
N f in 8 groups evenly for prediction results in M1, M2, . . ., and M8, after 1000 iterations (Epochs) to verify
the effectiveness of CNN. In general, P%, R%, and F% vs. the overall performance are 94.21%, 92.63%,
and 91.55%, respectively. The results confirm that the proposed method can predict the fatigue behavior in
laminated composite plates with satisfactory performance. Fig. 19 plots the values of P%, R%, and F% during
1000 Epochs.

Figure 19: The training proceeded with a comparison based on the plate fatigue life N f data
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5 Conclusion
In this work, the carbon fiber reinforced with epoxy laminate composite plates’ fatigue behavior was

predicted under spectrum fatigue loading using a novel convolutional neural network group-based deep
learning technique. We found that the convolutional neural network can effectively be trained to model
the fatigue behavior of carbon fiber reinforced with epoxy laminate composite plates exposed to variable
amplitude block loading. It has been experimentally verified that the suggested method has accuracy
and reliability, and applicability to other various composite structures through applying the proposed
approach to experimental datasets adapted from available literature. The maximum evaluation error band for
fatigue behavior between the CNN and FEM dataset is less than 0.3878 Mpa. The results show satisfactory
performance, with high values for accuracy rate, regression rate, and F-score at 94.21%, 92.63%, and 91.55%,
respectively, proving the suggested convolutional neural network’s correctness and dependability throughout
the process.

6 Future Work
In FEM the actual materials have slightly different behavior for large scale structures. It will be difficult to

tune the FEA model for large-scale structures. Because all the different damage levels have different nonlinear
relationships between these two. In the future work we will be used the new digital twins model based on
deep learning model to updating the FEM in Large-Scaled Structures to eliminate the different behavior
between FEM and actual materials.
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