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ABSTRACT: Throughout the composite structure’s lifespan, it is subject to a range of environmental factors, including
loads, vibrations, and conditions involving heat and humidity. These factors have the potential to compromise the
integrity of the structure. The estimation of the fatigue life of composite materials is imperative for ensuring the
structural integrity of these materials. In this study, a methodology is proposed for predicting the fatigue life of
composites that integrates ultrasonic guided waves and machine learning modeling. The method first screens the
ultrasonic guided wave signal features that are significantly affected by fatigue damage. Subsequently, a covariance
analysis is conducted to reduce the redundancy of the feature matrix. Furthermore, one-hot encoding is employed to
incorporate boundary conditions as features, and the resulting data undergoes preprocessing to form a sample library.
A composite fatigue life prediction model has been developed, employing the aforementioned sample library as the
input source and utilizing remaining life as the output metric. The model synthesizes the strengths of convolutional
neural networks (CNNs) and bidirectional long short-term memory networks (BiLSTMs) while leveraging Bayesian
optimization (BO) to enhance the optimization of hyperparameters. The experimental results demonstrate that the
proposed BO-CNN-BiLSTM model exhibits superior performance in terms of prediction accuracy and reliability in
the damage regression task when compared to both the BILSTM and CNN-BiLSTM models.

KEYWORDS: Structural health monitoring; fatigue life prediction; bidirectional long and short-term memory net-
works; convolutional neural networks; Bayesian optimization

1 Introduction

Composite materials, with their advantages of high specific strength/stiffness and designability, are
increasingly used in aerospace applications. However, composites usually exhibit nonlinearities and gener-
alized anisotropy, leading to more complex failure mechanisms and damage monitoring of these composite
structures than conventional structures. When aerospace structures are subjected to alternating loads for a
long period of time during their service life, fatigue damage in the form of fiber breakage, matrix cracking,
debonding and delamination continue to accumulate in the structures and eventually lead to structural
failure or a significant decline in performance [1,2]. Consequently, there is an imperative need to develop
effective fatigue life prediction models to ensure the safety and reliability of these structures. A significant
number of researchers are concentrating on the study of fatigue life prediction in composite materials. Lai
et al. investigated the fatigue damage characteristics of carbon fiber-reinforced composites and their life
prediction methods. The validity of the proposed prediction method was verified by finite element analysis,
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which demonstrated its reliability and provided support for enhancing the structural safety of composites [3].
Dong et al. proposed a fatigue damage evolution equation based on acoustic emission signals. This equation
was developed for the purpose of accurately tracking the damage progression and predicting the fatigue life
of composite laminates. The experimental results demonstrate the efficacy of the method in capturing the
characteristics of initial damage, steady-state damage, and accelerated damage during fatigue. This result
provides an important theoretical basis and practical application potential for structural health monitoring
and fatigue life prediction of composite materials [4]. Structural Health Monitoring (SHM) technologies
have been demonstrated to play a vital role in mitigating the risk of failure under harsh operational loads
and environmental conditions. These technologies have also been shown to reduce the costs associated with
prolonged downtime during regular inspection and maintenance [5-9]. Piezoelectric signal measurement
has been widely used as an effective sensing technique in health monitoring of composite structures, while
artificial intelligence techniques can effectively process the data to improve the accuracy and efficiency of
damage detection [10,11].

Piezoelectric materials can produce electrode polarization phenomenon under external stress or
deformation under electric field stimulation [12]. Therefore, sensors based on the piezoelectric effect can be
used as multifunctional sensors to realize SHM by various technological means, such as electromechanical
impedance [13,14], ultrasonic guided wave [15], acoustic emission [16], and stress monitoring [17], etc. Among
them, ultrasonic guided waves have the advantages of being able to propagate long distances in structures
and being sensitive to damages such as cracks, debonding and delamination [18,19], which can realize
the quantitative identification of damages such as microcracks and debonding inside large plate and shell
structures. Therefore, the use of ultrasonic guided waves for damage monitoring is widely recognized in
the field of aerospace structural overhaul and reliability research. In the study of structural health moni-
toring based on ultrasonic guided waves, machine learning algorithms offer superior data processing and
pattern recognition capabilities. They can accurately capture subtle changes in structural damage, which are
reflected in ultrasonic guided wave signals. These algorithms also demonstrate high accuracy and significant
potential in predicting fatigue life [20-22]. The efficacy of machine learning models is contingent upon the
quality of the input data, particularly the selection and extraction of features. It is evident that a solitary
feature is incapable of adequately reflecting the intricate damage mechanism of composite materials [23].
Consequently, enhancing the accuracy of predictions necessitates the extraction of numerous features that
comprehensively mirror the damage state. Subsequent to the extraction of features, the selection of an
appropriate machine model is imperative for optimizing prediction performance. Among them, recurrent
neural network (RNN) is able to share the parameters of different time steps in a time series by establishing
recurrent connections between hidden layer neurons, effectively retaining historical information, and is
suitable for processing time series data, but it is prone to gradient disappearance or gradient explosion when
processing time series data [24]. To address this, the bidirectional long and short-term memory network
(BiLSTM) builds upon the RNN by introducing “memory units” and “gating mechanisms”, such as forgetting,
input, and output gates. These mechanisms control the flow of information, allowing BiLSTM to effectively
handle long-term dependencies in sequences [25]. BILSTM overcomes the limitations of traditional RNN,
and as a result, it is widely used for predicting composite fatigue damage in time series. Although BiLSTM
can effectively process time series data, it has limitations in capturing local patterns and deep features in
the data, which leads to a model that may not be adequate in feature extraction. Convolutional neural
network (CNN) excel in local feature extraction and can effectively recognize spatial patterns in data.
In order to fully utilize the advantages of both, this paper combines CNN and BiLSTM with the aim of
providing a more comprehensive assessment of the safety of composite fatigue damage. However, a major
challenge is faced when combining CNN and BiLSTM models: due to the complex structure of the model
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and the large hyperparameter space, the process of finding the optimal hyperparameters becomes more
difficult. In order to solve this problem, this study applies Bayesian Optimization (BO) for hyperparameter
optimization [26,27]. As an efficient optimization method, Bayesian optimization can efficiently approximate
optimal hyperparameters with limited trials, which is especially suitable for solving high-dimensional
and computationally expensive optimization problems. Therefore, in this paper, the Bayesian optimization
algorithm is chosen to optimize the hyperparameters of CNN and BiLSTM models, so as to improve the
prediction accuracy and computational efficiency of the models.

The main contributions of this paper are as follows:

1. Construction of a CNN-BiLSTM model for composite material fatigue life prediction: The model
combines a CNN for feature extraction and a BiLSTM for capturing long-term dependencies. It is
engineered for the specific purpose of assessing the fatigue life of composite materials.

2. Introducing the Bayesian Optimization (BO) algorithm for hyperparameter optimization: The BO
algorithm is used to optimize the model’s hyperparameters, which significantly improves the model’s
accuracy and reliability in fatigue life prediction.

The subsequent sections of the paper are structured as follows: the section on composite fatigue loading
damage diagnostic tests describes the dataset and the steps involved in data preprocessing. The section on
composite fatigue life prediction method based on BO-CNN-BiLSTM model describes the structure and
training of the proposed neural network model. The section entitled “Results and Discussion” is where the
findings from the training of the proposed neural network model are described, as well as the comparison
of that model with other models. In conclusion, the final section of the text offers a summary of the work’s
main points.

2 Composite Material Fatigue Loading Damage Diagnostic Test
2.1 Test Setup

The dataset used in this paper is the data from a fatigue aging test of CFRP composites conducted by
the Stanford Structures and Composites Laboratory (SACL) in collaboration with the Center of Prediction
of Excellence (PCoE) at NASA Ames Research Center [28]. In this test, a set of specimens were subjected to
tensile-tensile fatigue tests under controlled cyclic loading at a frequency of 5.0 Hz and a stress ratio of R =
0.14, and the specimens are shown in Fig. 1.

(b)

Figure 1: Schematic diagram of the test specimen [28]. (a) Preparation of the specimen for testing (b) Schematic
diagram of the signal path, exciter (1-6) and receiver (7-12)
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The specimens were fabricated using Torayca T700G unidirectional carbon prepreg with dimensions
of 15.24 cm x 25.4 cm, and a notch of 5.08 mm x 19.3 mm was created in the specimen to induce stress
concentration. The tests were conducted for three composite specimens with different layup configurations,
all of which were carried out on an MTS testing machine. The sending and receiving of ultrasonic guided
wave signals was realized by 12 PZT transducers, which included 6 exciters and 6 receivers, forming a total of
36 signal paths. Seven excitation frequencies were set up in the range of 150-450 kHz in steps of 50 kHz, and
the average input voltage of the excitation signals was 50 V. The fatigue cycling test was stopped at a specific
number of fatigue cycles, and the PZT sensor data were collected for all the paths and frequencies while the
specimens were imaged by X-rays. The monitoring data consisted of Lamb wave signals collected from the
PZT sensor network and fatigue damage extension observed by X-ray imaging.

The present paper selects four specimens with a layer configuration of [0,/904]s, namely L;S;;, L; Sy,
L;S1s, and L; ;9. Taking specimen L;S;9 as an example, Fig. 2 shows the guided wave signals collected with
300 kHz as the excitation frequency for the 6#—7# signal path under different fatigue cycle times. As shown in
the figure, the specimen gradually sustains damage as the number of fatigue cycles increases, leading to signal
energy attenuation during propagation. This attenuation reflects the accumulation of internal damage within
the material and is associated with microstructural changes. Additionally, the frequency characteristics and
amplitude of the signal change across different fatigue stages, particularly the shift in the peak position
of the signal. Concurrently, the signal exhibits nonlinear variation. Nonlinear changes mean that signal
attenuation is not a simple, uniform decrease but accelerates or undergoes sudden changes after a certain
number of fatigue cycles. This phenomenon is typically associated with crack propagation, localized failure,
or sudden changes in the material’s microstructure. As the number of loading cycles increases during the
fatigue process, the extent of damage to the specimen worsens, leading to sudden changes in signal amplitude
and frequency characteristics. These changes reflect the nonlinear process of damage accumulation in the
material. Overall, the signal changes exhibit a certain degree of regularity in relation to the number of fatigue
cycles, providing important reference criteria for predicting and evaluating fatigue damage.
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Figure 2: Lamb wave signals with different number of fatigue cycles in path 6#—7# at 300 kHz



Comput Mater Contin. 2025;85(1) 601

2.2 Characterization of Specimen Fatigue Damage

As L; Sy in point, the experimental results of the specimen under different cycle tensile times are shown
in Fig. 3, (a) is the X-ray image when the cycle tensile number is 20,000, (b) is the change curve of the damage
size with the cycle number, with the increase of the cycle number, the damage area gradually increases, and
it can be seen that the damage size has experienced a typical three-phase evolution process of budding-
expansion-accelerated failure, which is closely related to the fatigue cumulative effect of the specimen.
According to the on-site description, specimen L; S, emitted a cracking sound at 125,000 cycles, and the load
no longer increased during the loading process. Ultrasonic guided wave data could no longer be collected.
After unloading, X-ray results showed extensive delamination inside the specimen. Upon inspection, most
of the sensors were found to be damaged. Therefore, it was determined that the specimen failed completely
when the fatigue load reached 125,000 cycles.
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Figure 3: Damage dimensions of specimens at different numbers of stretching. (a) X-ray image at 20,000 cycles of
stretching (b) Variation curve of damage dimensions with the number of cycles

2.3 Feature Engineering

In the process of model building, extracting damage-related features to improve the model capability is
an important issue. And too many features may increase training time and introduce irrelevant information,
affecting prediction accuracy. Therefore, in the process of damage prediction model building, feature
selection is needed, and the features should be representative enough to ensure the efficiency of the
model operation.

Fatigue damage alters material properties and morphological dimensions. These changes affect guided
wave propagation constitutive equations and boundary conditions, thereby modifying ultrasonic guided
wave signal characteristics (e.g., amplitude, arrival time, frequency distribution). This change is mainly
reflected in the amplitude of the guided wave signal, arrival time, frequency distribution and signal com-
plexity. In previous studies, the seven signal characteristics listed in Table 1 are typically used to characterize
the damage parameters.
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Table 1: Signal characteristics and their mathematical expressions

Signal feature Expression Meaning
Peak of F; = max|S(t) | Reflects changes in the amplitude of
signal [29] the guided waveform signal
. 0:(N-1) o
Time of Fp=——> Reflects changes in guided wave
flight [29] Fs propagation paths or wave speeds due
to damage

Signal band F= ffc C_+2255 IS(F)|*df Measurement of the change in energy
energy distribution in a specific frequency

(25 kHz) range due to damage
Mean Fy = % o=1\/%5 % (S,- - §)2 Measures the relative rate of change in
Square = the mean square deviation of the
Devia- signal

tion [30]

Scattered Fs = b Ifsz(‘;l;f;lg;)tl < Measurement of wave energy
Signal ! dispersed along a path into a medium
Energy due to discontinuities and

obstructions
3 (I8 (t0)~S1(tn1)] = [S0(ta)=Sn(t0-)]}?

Difference Fg = = = Quantifying the difference between
Curve Z[su(tn) = Su(ten)]? the signal in the damaged state and the
Energy reference signal
Fuzzy F; =In(®" (r))-In (GD(’”“) () Reflects changes in signal complexity

entropy [31] with increasing damage

The above features can comprehensively characterize the effect of damage on the ultrasonic guided
wave signal from multiple dimensions, providing high-quality input data for the subsequent BO-CNN-
BiLSTM model.

Meanwhile, in order to improve the model’s generalization ability and prediction accuracy, and to
better identify and process highly correlated features in the dataset, this study uses the Pearson correlation
coefficient to measure the correlation between features, which is calculated as shown in the following

equation.
Cov (X; - X;
rij= M 1)
O'X,' . O'X]
1 = =
Cov (X; - X;) = — (Xik = Xi) (Xjk - X)) 2)
k=1

In Egs. (1) and (2): r;; denotes the correlation coefficient between the features X; and X, Cov (X - X j)
is the covariance of X; and X, 0X; and 0X; is the standard deviation of X; and X, X is the mean of X;.



Comput Mater Contin. 2025;85(1) 603

2.4 Sample Bank Construction

The test was conducted at seven different driving frequencies, and 36 signal transmission paths were
designed and constructed using a sensor network in order to fully capture the guided wave response of
the structure under different conditions. The data collected through these pathways are as follows: L;S;;
contains 145 groups, L;S;, contains 109 groups, L;S;s3 contains 179 groups, and L;S;9 contains 82 groups.
Given that the guided wave signals obtained from each signal path may carry critical information at different
frequencies, the contributions from all signal sources are combined in the data processing. Firstly, the signals
were subjected to Fourier transform processing to extract more signal features from the frequency domain.
The final set of features comprised seven distinct components: peak value, TOF value, signal +25 kHz
band energy, mean square deviation, scattered signal energy, differential curve energy, and fuzzy entropy.
However, there may be a significant linear relationship between these seven features, which affects the
prediction performance of the model, so covariance analysis needs to be done on the extracted features to
eliminate redundant features, improve the efficiency of the model, and avoid the instability of prediction
due to multiple covariance. The selected features are shown in Fig. 4b. A total of four features are finally
identified to form the sample library, which are peak value, TOF value, scattered signal energy, and fuzzy
entropy. Each working condition has different boundary conditions: Traction Free, Clamped, Load, which
are incorporated into the feature data as inputs by using the one-hot encoding, and the one-hot encoding for
different boundary conditions are shown in Table 2, which will provide rich data support for the subsequent
fatigue damage analysis.

Correlation Matrix of Features Correlation Matrix of Features

1 1

Fl
105 0.5

F2

0 0
F5

0.5 -0.5
F7

| -1

Fl F2 F5 F7

Fl F2 F3 F4 F5 F6 F7

(a) (b)

Figure 4: Heat map of covariance between features. (a) Relationship map before removing redundant features (b)
Relationship map after removing redundant features

Table 2: Boundary conditions with their one-hot encoding matrices

Boundary condition Traction free Clamped Load
One-hot encoding [001] [100] [010]

For each working condition, four kinds of features were extracted under seven different driving
frequencies and 36 signal paths. The four features are fused with the one-hot encoding, and the final data
structure for each working condition is 252 x 7. In order to make the prediction, the time step is set to 2,



604 Comput Mater Contin. 2025;85(1)

i.e., the data of the past two time steps are used to predict the value of the third time step, and a total of
507 groups of data are formed in the end, and the structure of the data for each group is 504 x 1 x 7. In this
study, the specimen was deemed to have completely failed after undergoing the maximum number of cycles
under load. Therefore, the maximum number of cycles were defined as the upper limit of the fatigue life of
the structure. Based on this, the remaining life of other cycle counts can be calculated by normalizing the
difference between the cycle count at failure and the corresponding cycle count. This indicator is used as the
output label of the model to predict fatigue damage.

3 Composite Fatigue Life Prediction Method Based on BO-CNN-BiLSTM Model

In this paper, a method for ultrasonic guided wave monitoring of structural fatigue damage based on
BO-CNN-BiLSTM model is proposed for the fatigue damage characteristics of composites. BILSTM has
demonstrated efficacy in addressing long-term dependencies in sequences. Its utilization in the prediction
of fatigue damage to composites over time series is extensive. However, it is important to note that BILSTM
exhibits certain limitations in accurately capturing the local patterns and deep features in data. Therefore, it
is necessary to combine BiLSTM with CNN and optimize the hyperparameters of the neural network using
Bayesian optimization algorithm.

3.1 Composite Fatigue Life Prediction Model Based on BO-CNN-BiLSTM

In this study, an innovative method for the safe assessment of fatigue damage in composites is proposed,
aiming to improve the accuracy and robustness of damage prediction. The method combines CNN, BiLSTM,
and BO techniques, taking full advantage of each model in order to improve the overall performance of the
assessment system.

The task of the CNN is to extract key local feature information from the feature matrix. The model’s
input is the extracted feature matrix from the original guide wave signal. First, CNN is used to process the
input data to mine key features that can effectively reflect the damage information. The data passes through
the convolutional layer (CL) for local feature extraction, the convolutional kernel size is set to [128, 1], and
the number of convolutional layers and neurons are automatically adjusted by the Bayesian optimization
algorithm. Convolution layers capture local features and enhance the model’s learning ability by performing
convolution operations on the input data. The formula for the convolution operation is shown in Eq. (3)
below. In the equation, hﬁ is the i-th feature of the I-th layer; f is the activation function; and the ReLU
activation function is selected in this paper. W/ is the weight matrix of the i-th convolution kernel of the
I-th layer; * represents the convolution operation; X'~! is the output of the (I - 1)-th layer; and B! is the bias
term. Then, the pooling layer (PL) downsamples the convolved data to reduce the dimensionality of the data
while retaining the most important feature information. This paper selects a maximum pooling block with
a stride of I; the calculation formula is shown in Eq. (4). In the equation, y/*! (j) is the element in the i-th
feature of the (I + 1)-th layer after max pooling. x! (k) is the element in the i-th feature of the I-th layer in
the pooling kernel. D; is the j-th pooling region. In order to avoid the loss of information due to the pooling
operation, the pooling operation is set after the two convolutional layers, so as to ensure the effective transfer
of feature information. CNN can effectively reduce the complexity of the data in this process, preventing the
model from overfitting.
hi=f(W/ X'+ Bj) 3)

1 1

yilJr1 (j) =max{xf (k)\kEDj} (4)
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After feature extraction, the BILSTM network is used to deal with long-term dependencies in time series.
The BiLSTM network is consists of “memory units” and “gating mechanisms” that can effectively capture the
time series features in the data by dynamically regulating the flow of information. This improvs the model’s
adaptability to dynamic changes. The bidirectional structure of BILSTM can further enhance the model’s
ability to learn from different time steps and make full use of historical information for prediction. The

BiLSTM processing process can be described by Eqs. (5)-(7). In this equation, h and h; is respectively the
backward and forward hidden state, WZ and WZ is the forward and backward weights of the LSTM.

y y
Zt = LSTM (.xt, ;;t—l) (5)
ht = LSTM (xt, ht+1) (6)

However, when combining CNN with BiLSTM, the hyperparameter optimization of the model becomes
a key issue. In the complex CNN-BiLSTM combination model, the choice of hyperparameters has a large
impact on the robustness of the model [32]. For example, the size and number of layers of convolutional
kernel, the number of units of BILSTM hidden layer, the learning rate, the regularization coefficient, etc. need
to be precisely adjusted. If the hyperparameters are not properly selected, it may lead to oscillation or slow
convergence of the model in the training process, and even affect the final prediction accuracy of the model.

To address this problem, this study uses a Bayesian optimization algorithm to automatically optimize the
hyperparameters in the neural network with a maximum of 30 iterations. Bayesian optimization improves
the search efficiency and optimization accuracy by building a proxy model (e.g., Gaussian process) that
selects the next set of hyperparameters intelligently, based on known hyperparameter configurations and
model performance, in each iteration. In this study, Bayesian optimization is used to optimize several
hyperparameters, such as the number of hidden layer units, minimum batch size, learning rate, and L2
regularization coeflicient, to ensure optimal model performance during training. During the optimization
process, BO uses Bayes’ theorem to update the posterior distribution of the objective function, as shown
in Eq. (8). In this equation, f represents the unknown objective function, Fi., represents the observed set
containing the inputs and corresponding objective function values of the first n sampling points, and P (f)
represents the prior distribution of the objective function, which is the initial assumption about the objective
function before observing the data. P (Fy.,|f) is the likelihood function representing the probability of
observing the data F;., given the objective function f, and it describes the relationship between the objective
function f and the observed data. P (Fy.,) is the marginal distribution used to normalize the posterior
distribution. This ensures that the total probability of the posterior probability distribution P ( f|Fy.,,) is 1.

P (Finlf) P (f)

P (Fun) ®)

P(flFn) =

Compared to a single model, this integrated approach improves prediction accuracy and enhances
the model’s robustness to better cope with complex damage prediction tasks. Fig. 5 illustrates the basic
architecture of the proposed security assessment method.
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Figure 5: Overview of the proposed methodology

The BO-CNN-BiLSTM-based fatigue life prediction model has the following main steps:

Step 1: Construct the sample library. Damage-related features are extracted, and a covariance analysis
is performed to eliminate redundant features. This process forms a signal feature matrix. The signal feature
matrix is then combined with remaining life labels to form a sample library.

Step 2: Data processing. It is imperative to normalize the input data prior to training due to the varying
scales across different features. This preprocessing step is crucial to mitigate the potential influence of
particular features on the model, which might be amplified due to their substantial scale during training.
This can lead to adverse effects on the model’s convergence and accuracy.

Step 3: Establish the hyperparameter search space. The initial step in the BO algorithm is the establish-
ment of a suitable search space for the optimized hyperparameters. This search space encompasses various
parameters, including the size of the convolution kernel, the number of layers, the number of BILSTM hidden
layer units, the learning rate, and the regularization coefficients, among others.

Step 4: Bayesian optimization. The Bayesian optimization algorithm utilizes Gaussian process regression
to assess the objective function, thereby identifying the optimal configuration of hyperparameters. In this
process, Expectation Improvement (EI) is employed as a collection function to guide the algorithm in
selecting the subsequent set of hyperparameters.
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Step 5: Model training and prediction. The normalized data is subsequently fed into the BO-CNN-
BiLSTM model, which is processed by the convolutional, pooling, and bidirectional LSTM layers to finally
obtain the predicted values. The objective of this step is to obtain the remaining life prediction results through
the forward propagation process of the model.

Step 6: Objective function calculation and update. In the event that the prediction error of the model
does not align with the predefined stopping criterion, the process is to revert to step 4 and proceed with
hyperparameter update and model training. The process continues to iterate until the number of training
sessions reaches a set value or the error meets the termination criteria.

Step 7: k-fold cross-validation. To ensure the stability and generalization ability of the model, k-fold
cross-validation is used for evaluation. In this study, the k-value is set to 5, meaning that the sample data
are randomly divided into 5 subsets. Each time, 4 of the subsets are used for training, and the remaining 1
subset is used for testing. The validation of each subset in succession ensures a comprehensive evaluation of
the model’s performance, thereby circumventing the pitfalls of model overfitting.

Step 8: Model evaluation. The final step in the research process involves the evaluation of the model’s
accuracy. This is achieved by employing various assessment metrics, including Root Mean Square Error
(RMSE), Mean Absolute Error (MAE), and the Coefficient of Determination (R*). These metrics effectively
measure the discrepancy between the model’s predictions and the actual values, thereby validating the
model’s overall performance.

3.2 BO-CNN-BiLSTM Fatigue Life Prediction Model Training

Before model training, the dataset first needs to be divided, there are a total of 507 sets of data, and the
training and test sets are divided according to the ratio of 8:2. The next step is data preprocessing, where
the data are normalized using the following equation before predicting the fatigue damage dimensions of
composites due to the different feature scales selected. Next, hyper-parameter selection is done through
Bayesian optimization, where the combination of hyper-parameters selected and the training error of the
model under this combination are saved, and finally the combination of hyper-parameters with the smallest
error is obtained through comparison and used for the model training to get the prediction of the damage
dimensions on the test set.

y= ©)

In Eq. (9): x is the measured value, X, is the minimum value of the measured value, xp,x is the
maximum value of the measured value, and y is the normalized data.

4 Results and Discussion

The error of the BO-CNN model is evaluated using three metrics including Root Mean Square Error
(RMSE), Mean Absolute Error (MAE), and Correlation Coefficient (R?), which are defined in the following
equations:

(10)

n

1 .
MAE = = > [yi - Ji
nia

(11)
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i (yi— i)’
R*=1-5 (12)
> (yi-7)

I
—

In Egs. (10)-(12): y; is the measured value, J; is the predicted value, and # is the sample size.

MAE is insensitive to outliers and pays more attention to the average deviation, the smaller the value is,
the more accurate the prediction is; RMSE integrates the effect of error size and outliers, the smaller the value
is, the more accurate the model prediction is; R? is used to evaluate the model’s ability to explain the data, with
a range of [0, 1], and the closer to 1, the better the model’s fitting effect is. Each of these metrics has its own
focus and can reflect the prediction performance of the model at different levels. RMSE is more concerned
with the effect of large errors, MAE is suitable for measuring the overall error level, and R? emphasizes the
model’s goodness-of-fit, and this use of multiple metrics can provide a more comprehensive assessment of the
model performance. The prediction results of the model under k-fold cross-validation are displayed in Fig. 6.
It has been observed that the model achieves optimal prediction outcomes when k = 3. Furthermore, Fig. 7
illustrates the iterative curve of the model at k = 3, demonstrating a significant overlap between the two
curves. This observation indicates that the model has converged and identified the global optimal solution.
The hyperparameters that were adjusted by Bayesian optimization, as well as the optimization results at
k = 3, are displayed in Table 3. The prediction results of the model are detailed in Table 4.
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Figure 6: The prediction results of the model under K-fold cross-validation, including: (a) Correlation Coefficient (R?),
(b) Root Mean Square Error (RMSE), and (c) Mean Absolute Error (MAE)
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Table 3: The proposed model parameter settings

Hyperparameter Interval Bayesian optimization
Conv layer {246} 6
NumO{fUnits of CNN [16,256]  [224, 27, 244, 54, 27,196]
NumOfUnits of LSTM  [50, 200] [128, 174]
InitialLearnRate (1074, 107" 0.0003
Regularization Factor ~ [107%,1072] 0.001
MinBatchSize [16, 256] 195

Table 4: Performance evaluation of different models

Model R* RMSE MAE

BiLSTM 0.93  0.08 0.05
CNN-BiLSTM 097  0.05 0.03
BO-CNN-BiLSTM 0.99  0.02  0.008

In order to compare the performance of different models more intuitively, Fig. 8 shows the scatter
plot of the test set. From the figure, it can be seen that combining CNN and BiLSTM can fully extract the
data features while considering the time-series data relationships. Compared with BiLSTM, the prediction
accuracy of CNN-BiLSTM is improved from 0.93 to 0.97. The prediction accuracy of the model can be further
improved by optimizing the hyperparameters using BO, and the optimized model prediction accuracy is
improved from 0.97 to 0.99. The above analysis shows that the proposed BO-CNN-BiLSTM model has higher
prediction accuracy and more concentrated fitting distribution.
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Figure 8: Comparison of prediction accuracy of different models: (a) Prediction results of BiLSTM, (b) Prediction
results of CNN-BIiLSTM, and (¢) Prediction results of BO-CNN-BiLSTM

5 Conclusion

In this study, a fatigue life prediction method for composites based on the BO-CNN-BiLSTM model
was proposed, which combines the advantages of the CNN and BiLSTM models, and optimizes the
hyperparameters of the hybrid neural network using the Bayesian optimization algorithm to improve the
model accuracy and reliability. Redundant features were eliminated through covariance analysis, and features
closely related to fatigue damage were extracted, and boundary conditions were incorporated into the feature
data using unique thermal coding to form a high-quality sample library; the BO-CNN-BiLSTM fatigue life
prediction model was constructed, and the automatic tuning of the model hyper-parameters was achieved
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through the Bayesian optimization algorithm, which further improves the predictive performance of the
model. The prediction results of BILSTM, CNN-BiLSTM and BO-CNN-BiLSTM models were compared
through experimental validation. The experimental results show that:

Compared with the other two models, the proposed BO-CNN-BiLSTM model has higher accuracy, less
dispersion of prediction results, and shows higher reliability in the prediction task. Specifically, the BO-CNN-
BiLSTM model demonstrates superior performance in all metrics when compared to the CNN-BiLSTM
model. The R* of BO-CNN-BIiLSTM is 2% higher than that of CNN-BiLSTM. The root mean square error
(RMSE) is reduced to 0.02, and the mean absolute error (MAE) is reduced to 0.008. Despite the evident
enhancements in prediction accuracy and model reliability, it must be acknowledged that the present study is
not without its limitations. The model’s efficacy is contingent upon the utilization of a particular dataset, and
its performance may be subject to variation when applied to disparate types of composite materials or other
operational environments. Subsequent research endeavors will involve the execution of transfer learning
tests on a more extensive array of datasets, with the objective of enhancing the model’s generalizability.

In summary, the present study proposes a promising method for predicting life in composite materials
caused by fatigue. This method has the potential to be applied in the aerospace, automotive, and civil
engineering sectors. Subsequent advancements in data diversity, real-time adaptability, and model scalability
are anticipated to further augment the model’s effectiveness and reliability in complex engineering systems.
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