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Abstract. Composite structures are highly valued for their strength-to-weight ratio, durability, 
and versatility, making them ideal for a variety of applications, including aerospace, 
automotive, and infrastructure. However, potential damage scenarios like impact, fatigue, and 
corrosion can lead to premature failure and pose a threat to safety. This highlights the 
importance of monitoring composite structures through structural health monitoring (SHM) and 
prognostics and health management (PHM) to ensure their safe and reliable operation. SHM 
provides information on the current state of the structure, while PHM predicts its future 
behavior and determines necessary maintenance. Health indicators (HIs) play a crucial role in 
both SHM and PHM, providing information on structural health and behavior, but accurate 
determination of these indicators can be challenging due to the complexity of material behavior 
and multiple sources of damage in composite structures. In the present work, a model containing 
a developed adaptive standardization, a dimension reduction sub-model, a time-independent 
sub-model, and a time-dependent sub-model is introduced to address this challenge. First, the 
raw data collected by the acoustic emission technique monitoring composite structures under 
fatigue loading is processed to provide plenty of statistical features. The extracted features are 
adaptively standardized according to the available data until the current time. Then, the 
principal component analysis algorithm is employed to reconstruct a few yet highly informative 
features out of those statistical features. An artificial neural network is used to regress the 
principal components to the HI that meets the prognostic criteria. Finally, the last sub-model 
takes into account the time dependency of HI values during fatigue loading. In comparison to 
other models, the results show superior performance.  

Key words: Prognostic and Health Management, Structural Health Monitoring, Intelligent 
Health Indicator, Artificial Intelligence, Composite Structures, Acoustic Emission. 
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1 INTRODUCTION 
The use of composite structures is increasing in different industries thanks to their desirable 

mechanical properties such as lightweight and high strength. However, interpreting and 
predicting their behavior is more challenging than that of isotropic materials such as metals, 
especially during complex operational loading conditions like compression-compression 
fatigue loading [1]. In fact, describing the behavior of composite structures with the existing 
physics-based models has not been completely successful, taking different aspects into account 
[2, 3]. This becomes even more unpredictable when some uncertain events, such as impacts, 
happen that may not have already been included in the calculation [4]. With this in mind, the 
question is how safely to use these structures in sensitive industries such as aviation for a long 
period of time. The simple and fast answer could be increasing the design (safety) factor, 
making the structures thicker and the aircraft heavier. However, this solution is not obviously 
efficient in various terms, including zero emissions, cost, and sustainability. Thus, the 
prediction of the structure's behavior, especially its remaining useful life (RUL), in such 
industries not only increases safety and efficiency but also saves time and money regarding 
maintenance. However, a health indicator (HI) is needed to first represent the damage status of 
the structure and secondly predict its RUL [5]. The first part, namely diagnosis, can help to 
interpret the behavior of the structure and its damages, which will be useful to discover the 
weak points and improve the design. The second part, namely prognosis, can improve safety 
by predicting the failure time of the component earlier. Diagnosis and prognosis together can 
significantly improve the decision-making process for maintenance, which is really costly in 
aviation, in a way that the first one will say what types of actions are needed and the latter one 
will determine when these actions are taken. 

Designing (or discovering) a HI that satisfies the needs for both diagnostics and prognostics 
is really challenging, and it seems even more difficult for complicated cases such as composite 
structures. A HI (or damage index) of a structure is always decreasing (or increasing) during 
operational conditions if no maintenance and self-healing occur. This fact should be induced in 
the design of a HI and investigated by a metric, namely monotonicity (Mo). When a group of 
similar structures reach their end-of-life (EoL), their comprehensive HIs should logically and 
ideally end up at the same value, representing the failure threshold. Unfortunately, HIs at the 
EoL do not end up with the same value and fluctuate; this deviation can be measured by a metric 
called prognosability (Pr). Finally, if the HIs for similar structures follow a similar correlation 
in terms of usage time and have the same pattern, they are more predictable. This similarity in 
HIs’ trends can be measured by the criterion of trendability (Tr) [6-8]. The first two expectations 
(Mo and Pr) can be considered as facts, while the maximum Tr obviously may not be achievable 
due to the stochasticity and uncertainty of influential phenomena, including different 
progressive damage scenarios and loading conditions. Nevertheless, achieving HIs with a high 
Tr is still a target in order to enhance the RUL prediction accuracy. In the perspective of the 
prognostics, which is the main target of the current work, a HI should meet these three 
evaluation criteria, Mo, Pr, and Tr. 

Complex time-dependent patterns (e.g., progressive damages in composite laminates) and 
uncertain events (e.g., a bird strike to an airplane) cannot be taken into account without online 
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condition monitoring [9], which is termed structural health monitoring (SHM) for the case of 
structures. Thus, SHM plays an important role in the diagnostics of the structures [10]. An 
extension of SHM is termed "prognostics and health management (PHM)" technology, which 
includes RUL prediction and is more comprehensive. Among different SHM techniques, 
acoustic emission (AE) is one of the most popular and promising ones [11]. The principles of 
elastic wave dispersion through the structure are the basis for this passive SHM technique, 
which is highly sensitive to damage initiation and propagation. An AE system continuously 
gathers signals from sensors attached to the structure. Since these signals are not steady over 
time due to the nonlinear nature of the physical system in operation, they should be processed 
and mined over time-windowed intervals. Moreover, interpreting the raw AE data and 
translating it to the health state of the structure is not straightforward [12]. Thus, feature 
extraction from the time-windowed AE data can not only take steps towards this purpose but 
also reduce the capacity needed to carry the massive raw data, which is problematic in long 
applications like the fatigue loading of structures (reduction from billions to thousands) [13]. It 
should be noted that in complex applications where there are no pre-confirmed or pre-promising 
features to select, it is important to first extract as many statistical features as possible from the 
time and frequency domains of the signals. However, the tremendous features require a more 
complicated fusion model to construct desirable HIs. To moderate this issue, dimension 
reduction techniques, ensuring that the variation among features can be kept, result in a simpler 
HI constructor model. 

One of the common characteristics of the prognostics and HI construction models is that 
they are time-dependent, meaning that the correlation between the historic data from the 
beginning (often in a healthy state) and the current time should be taken into account to improve 
the performance of the HI and RUL prediction models. The performance of the HI design model 
can therefore benefit from taking into account whether or not SHM data are time-dependent. 

An AE dataset of composite panels with a single stiffener that were subjected to impact and 
run-to-failure C-C fatigue loading is examined in the current work [14]. The dataset consists of 
201 statistical (time and frequency) features that were drawn from AE data that had been 
windowed using different lengths and sliding windowing sizes. In the current work, 500 cycles 
for both length and slide have been selected. The 201 statistical features are first adaptively 
standardized for each composite panel individually using a new standardization method. Then, 
using the principal component analysis (PCA) method, 201 features are reduced to 10 features, 
which are then imported into a multilayer perceptron (MLP) to be regressed to HI labels without 
taking the time-dependency relationship of the SHM data at various time steps into account. A 
semi-supervised learning technique is used to train the model using the simulated ideal labels 
because the true HI labels are not available [15]. With an objective function combining the HIs 
evaluation criteria and the regression error, the Bayesian optimization algorithm is used to 
determine the hyperparameters of this time-independent model (TIM). The predicted HI values 
with TIM, or "1st level HI," are then imported into the next model to take into account the time-
dependency from the prior SHM data up to the current time step. But before using this time-
dependent model (TDM), the 1st level HIs are resampled based on usage time to have the same 
length in each batch with the goal of enhancing the TDM section's performance. The 
performance of the suggested approach is finally confirmed by a comparison of the final outputs 
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(the 2nd level HIs) alongside the output of TIM in terms of the criteria scores. 

2 CRITERIA 
To evaluate the quality of a prognostic signature (HI), three confirmed criteria (Mo, Pr, and 

Tr) are used, which are expressed as follows: 
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𝑃𝑟 = 𝑒𝑥𝑝 (−
(𝑠𝑡𝑑𝑗𝑥𝑗(𝑁𝑗))

𝑚𝑒𝑎𝑛𝑗(|𝑥𝑗(1) − 𝑥𝑗(𝑁𝑗)|)
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where 𝑥(𝑡𝑝) and 𝑥(𝑡𝑖) represent the measurements at the times of 𝑡𝑝 and 𝑡𝑖, respectively. Cov
is the covariance, where 𝑥𝑗 is the vector of measurements on the 𝑗𝑡ℎ specimen (among 𝑀
specimens) that has 𝑁𝑗 measurements. 𝜎𝑥𝑗 and 𝜎𝑥𝑘 are the standard deviations of 𝑥𝑗 and 𝑥𝑘,
respectively. The selected metric for Mo in Eq. (1), the so-called Modified Mann-Kendall 
(MMK), compared to the other versions (Sign and Mann-Kendall), is more robust to noise and 
also considers the relation of data points with a time gap of more than one unit [13, 16]. All 
three criteria get a score in the range of [0 – 1], with 1 representing the optimum score for the 
HIs. After considering all of the above-mentioned criteria, the 𝐹𝑖𝑡𝑛𝑒𝑠𝑠 metric is defined as 
follows:  

𝐹𝑖𝑡𝑛𝑒𝑠𝑠 = 𝑎 × 𝑀𝑜𝐻𝐼 + 𝑏 × 𝑃𝑟𝐻𝐼 + 𝑐 × 𝑇𝑟𝐻𝐼 (4) 

which ranges from 0 (minimum quality) to 3 (maximum quality) for the evaluated HIs, 
assuming that the control constants a, b, and c are 1.  

3 SEMI-SUPERVISED CRITERIA-BASED FUSION MODEL 
In the present work, a machine learning approach is developed that is based on a combination 

of a dimension reduction model (PCA), a time-independent model (TIM), and a time-dependent 
model (TDM) after up-sampling of timeseries in each batch. Since no true value is available as 
HIs, the ideal HIs labels are simulated in terms of the usage time, and a semi-supervised 
framework is employed through implicitly implementing the prognostic metrics (Mo, Pr, and 
Tr) as well as exploiting the given EOL [17]. This framework is categorized based on inductive 
learning algorithms, termed intrinsically semi-supervised [15], which are improvements to 
preexisting supervised algorithms that enable labeled and unlabeled data to be used directly to 
optimize an objective function with components. The overall framework from the raw SHM 
data to the final HI, including the proposed model, is shown in Figure 1. From the pre-
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SURFHVVLQJ� VWHS� WR� WKH� IHDWXUH� H[WUDFWLRQ� VWHS� FDQ� EH� IRXQG� LQ� >1�@�� DQG� WKH� VDPH� VWDWLVWLFDO�
IHDWXUHV� H[WUDFWHG� IURP� WLPH�DQG� IUHTXHQF\�GRPDLQV� DUH�XVHG� LQ� WKH�FXUUHQW�ZRUN��ZKLFK� LV�
SXEOLFO\�DYDLODEOH�>14@.�7KH�UHVW�RI�WKH�IUDPHZRUN¶V�VWHSV��IURP�WKH�DGDSWLYH�VWDQGDUGL]DWLRQ�WR�
WKH�7,0��DUH�SUHVHQWHG�DV�WKH�PDLQ�FRQWULEXWLRQV�RI�WKH�FXUUHQW�ZRUN.

Figure 1��7KH�RYHUDOO�IUDPHZRUN�IURP WKH�UDZ�6+0�GDWD�WR�WKH�ILQDO�+,.

3.1 Adaptive standardization
7KH� QRUPDOL]DWLRQ� �UHIHUULQJ� WR� PD[�PLQ� QRUPDOL]DWLRQ�� RU� VWDQGDUGL]DWLRQ� �UHIHUULQJ� WR�

]HUR�PHDQ�QRUPDOL]DWLRQ��SURFHVVHV�DUH�WKH�PRVW�FRPPRQ�DQG�W\SLFDO�VWHS�DSSOLHG�WR�LQSXWV�DV�
D�SUH�SURFHVVLQJ�WHFKQLTXH�EHIRUH�LPSRUWLQJ�WKH�LQSXWV�WR�D�PRGHO.�7KHVH�KHOSIXO�SUH�SURFHVVLQJ�
WHFKQLTXHV� DUH� DOVR� VRPHWLPHV� XVHG� EHWZHHQ� WKH� KLGGHQ� OD\HUV� RI� D�PRGHO.�+RZHYHU�� WKH\�
VKRXOG� EH� FDUHIXOO\� XVHG� LQ� WKH� ILHOG� RI� SURJQRVWLFV� RU� RWKHU� ILHOGV�ZLWK� D� VLPLODU� SXUSRVH��
FRQVLGHULQJ�WKDW�IXWXUH�GDWD�VKRXOG�QRW�EH�DFFHVVLEOH�WR�WKH�PRGHO��HVSHFLDOO\�GXULQJ�WKH�WUDLQLQJ�
SKDVH.�,Q�IDFW��ZKHQ�WKH�LQSXW�GDWD�DUH�QRUPDOL]HG�DFFRUGLQJ�WR�WKH�PLQLPXP�DQG�PD[LPXP�RI�
WKH�HQWLUH�WUDMHFWRU\�RU�VWDQGDUGL]HG�DFFRUGLQJ�WR�WKH�PHDQ�YDOXH�DQG�WKH�VWDQGDUG�GHYLDWLRQ�RI�
WKH�HQWLUH�WUDMHFWRU\��WKH�LQSXW�GDWD�GLVWULEXWLRQ�LV�DOUHDG\�PRYHG�LQWR�D�NQRZQ�GLVWULEXWLRQ.�,Q�
WKLV�ZD\��WKH�SUREOHP�KDV�VRPHKRZ�EHHQ�FRQYHUWHG�WR�DQ�LQWHUSRODWLRQ�WDVN�IRU�WKH�GDWD�GULYHQ�
PRGHO�� ZKLOH� LQ� UHDOLW\� LW� LV� DQ� H[WUDSRODWLRQ� WDVN�� ZKLFK� LV�PRUH� FKDOOHQJLQJ� IRU�PDFKLQH�
OHDUQLQJ�PRGHOV.�7KLV�SRLQW�LV�FULWLFDO�IRU�HYDOXDWLQJ�WKH�SURJQRVWLF�DSSURDFKHV��HLWKHU�WKH�+,¶V�
FRQVWUXFWLRQ�RU�WKH�58/�SUHGLFWLRQ�PRGHOV.

7KH DFFHSWDEOH� VWDQGDUGL]DWLRQ� WHFKQLTXH� FDQ� EH� GRQH� IRU� ERWK� WUDLQLQJ� DQG� WHVW� GDWD�
DFFRUGLQJ�WR�WKH�PHDQ�YDOXH�DQG�VWDQGDUG�GHYLDWLRQ�FDOFXODWHG�RQO\�IURP�WKH�WUDLQLQJ�GDWD�>1�@.�
+RZHYHU��WKLV�WHFKQLTXH�PD\�QRW�EH�KHOSIXO�WR�SUH�SURFHVV�WKH�QHZ�XQVHHQ�GDWD��YDOLGDWLRQ�RU�
WHVW�SRUWLRQV��IRU�WKH�SURJQRVWLFV�IUDPHZRUN��DV�ZH�DOVR�XVHG�WKH�VDPH�SURFHVV�DQG�REVHUYHG�LWV�
PLVOHDGLQJ� HIIHFWV� RQ� WKH� UHVXOWV.� $V� D� UHVXOW�� D� QHZ� DGDSWLYH� VWDQGDUGL]DWLRQ� WHFKQLTXH� LV�
GHYHORSHG� LQ� WKH� FXUUHQW� ZRUN.� $VVXPLQJ� WKDW� 𝜇𝑖 DQG�𝜎𝑖 DUH� WKH� PHDQ� YDOXH� DQG� VWDQGDUG
GHYLDWLRQ�RI�WKH�GDWD �𝑥1:𝑖� XS�WR�WKH�SUHVHQW �WLPH�VWHS�𝑡𝑖���WKH�GDWD�DUH�VWDQGDUGL]HG�DV�IROORZV�
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𝑥1:𝑖 =
𝑥1:𝑖 − 𝜇𝑖

𝜎𝑖

(5) 

𝜇𝑖 =
∑ 𝑥𝑗
𝑖
𝑗=1

𝑗

(6) 

𝜎𝑖 = √
∑ (𝑥𝑗 − 𝜇𝑖)

2𝑖
𝑗=1

𝑗

(7) 

This process is performed for the extracted AE features of each composite specimen separately, 
which is acceptable and applicable from the perspective of the prognostics. 

3.2 Dimension reduction 
Since the number of extracted features from AE data is high, i.e., 201, which causes more 

complex subsequent models, they can first be reduced. In this regard, the PCA model, which is 
a promising dimension reduction technique, is utilized to decrease the number of features from 
201 statistical features to 10 principal components (PCs). The percentage of the total variance 
explained by 10 PCs for twelve composite specimens is listed in Table 1. As can be seen, the 
minimum variance covered by the first 10 PCs is 86.97% for composite specimen 3. More PCs 
could be extracted as inputs for the subsequent models, but to keep the models simpler, such a 
reconstructed variance of AE features is accepted. The PCs for all twelve composite specimens 
are shown in Figure 2. Although more PCs could be extracted as inputs for the following 
models, the reconstructed variance of AE features is accepted in order to keep the subsequent 
models simple. Figure 2 displays the PCs for all twelve composite specimens. 

Table 1: The percentage of the total variance covered by 10 PCs for different composite specimens. 

Specimen 1 2 3 4 5 6 7 8 9 10 11 12 
covered variance 

(%) 90.79 91.24 86.97 93.16 95.13 92.46 92.45 97.97 91.75 96.81 94.46 97.69 

Figure 2: The first 10 PCs extracted from 201 AE features for twelve single-stiffener composite panels. 
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3.3 Time-independent model (TIM) 
In this section, an initial neural network architecture is established first, and the BO 

algorithm is then employed to optimize the pertinent constructive hyperparameters. Given that 
only ten features (PCs) remain after the dimension reduction step by PCA, an MLP with a few 
layers can be a suitable starting point for the regression task, which entails fitting 10 PCs to a 
value (HI). 

3.3.1 Multilayer perceptron (MLP) 
To fit the 10 PCs to the ideal simulated HI, an MLP network including 4 layers is designed 

with a linear transfer function as the output layer. A modified mean absolute error (MAE) is 
used as the loss function between predictions and targets:  

𝐿𝑇𝐼𝑀 = (1 − α)
1

𝑅
∑|𝑇𝑗 − 𝑎𝑗

𝐿|

𝑅

𝑗=1

+ α∑𝑤𝑘
2

𝑟

𝑘=1

(8) 

where R represents the number of responses, 𝑇𝑗 and 𝑎𝑗𝐿 denotes target value and the network’s
output for response 𝑗, respectively. α is the regularization parameter to improve generalization 
by modifying the performance function. Using this performance function leads the neural 
network to have smaller weights and biases, resulting in a smoother response and less 
overfitting. α is considered 1 for the current work. Only the training (composite specimens) set 
is used to train and validate the MLP model, with 30% of the training data used for validation. 
Although the maximum number of training epochs was set to 1000, the output of the MLP is 
based on the best validation loss, with the validation check patience set to 10. According to the 
optimizers and default values in the MATLAB R2022a framework, the other hyperparameters 
are determined using the BO algorithm. 

3.3.2 Bayesian optimization (BO) 
The hyperparameters that should be optimized by the BO include training optimizer 

algorithms as well as each layer's number of neurons and activation function. Three types of 
optimizing algorithms are regarded as the first optimizable variable (optimizer algorithms), 
including Levenberg-Marquardt (LM), Bayesian regularization (BR), and resilient 
backpropagation (RB). The number of neurons in fully connected (FC) layers 1, 2, 3, and 4 has 
been allocated [1,50], [1,50], [1,50], and [1,10], respectively, based on trial and error. The last 
optimizable variable is the activation function, which is assigned the same type for all hidden 
layers and is selected from a categorical space including linear, Rectified Linear Units (ReLU), 
saturating linear, symmetric saturating linear, hard-limit, symmetric hard-limit, log-sigmoid, 
hyperbolic tangent sigmoid, Elliot symmetric sigmoid, radial basis, normalized radial basis, 
triangular basis, inverse, softmax, and competitive according to the MATLAB definition. The 
BO algorithm was given 100 trials with an exploration ratio of 0.8 in parallel computing to 
optimize the hyperparameters. 

A new objective function for the BO algorithm is introduced in order to consider the HI’s 
evaluation metrics. The BO objective includes two parts: regression loss and criteria loss. The 
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first one is based on the root-mean-square error (RMSE) between the targets and predictions 
over only the validation (composite specimens) set. The second loss includes the Mo, Pr, and 
Tr, which are calculated considering all data sets, including training and validation portions. 
The relevant equations are as follows: 

𝐿𝑟𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛 =
𝑅𝑀𝑆𝐸(𝑇𝑖 , 𝑎𝑖

𝐿)

100
=
√
1
𝑄
∑ (𝑇𝑖 − 𝑎𝑖

𝐿)2𝑄
𝑖=1

100

(9) 

𝐿𝐶𝑟𝑖𝑡𝑒𝑟𝑖𝑎 =
3 − 𝐹𝑖𝑡𝑛𝑒𝑠𝑠

3
=
3 − (𝑀𝑜 + 𝑃𝑟 + 𝑇𝑟)

3
(10) 

𝐿𝐵𝑂 = 𝐿𝑟𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛 + 𝛽𝐿𝐶𝑟𝑖𝑡𝑒𝑟𝑖𝑎  (11) 

where 𝛽 is the importance coefficient of 𝐿𝐶𝑟𝑖𝑡𝑒𝑟𝑖𝑎 against 𝐿𝑟𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛. 𝐿𝐶𝑟𝑖𝑡𝑒𝑟𝑖𝑎 has been 
normalized based on the maximum fitness score to fall in the range of [0, 1], while 𝐿𝑟𝑒𝑔𝑟𝑒𝑠𝑠𝑖𝑜𝑛 
has been normalized based on the maximum target value, which is 100. It should be noted that 
the ideal HI values are simulated in a range from 0 (healthy state) to 100 (failure state). 

3.4 Time-based resampling 
After the TIM step, the 1st level predicted HI could be considered as a prognostic parameter 

to import into a prognostic model for predicting RUL. However, the time-dependency between 
the data has not yet been considered, even though this relationship is a fact according to the 
physics of the phenomenon. Before designing the time-dependent model, its input data should 
be resampled in such a way that all sequence input HI(1) (1st level predicted HI) within a batch 
have the same length. However, the typical padding techniques, such as zero padding, are not 
appropriate in this case since the HIs values with respect to the percentage of lifetime should 
be similar. For instance, if the batch size is 2 and the lengths of the HIs are 100 and 1000, the 
first HI cannot be extended by 900 zero values to have the same length as the second HI. In this 
case, the HI at the EOL for the first specimen becomes 0, while it should be 100, the same as 
the second HI. Similarly, the typical interpolation cannot be performed since the correlation 
between the number of data points in HI and the EOL is not constant or even linear. Sometimes 
the length of HI for a longer EOL is less than for one with a shorter EOL, as a result of the 
varying sampling frequency of the AE system depending on the pre-determined amplitude 
threshold value and uncertain progressive damage in composite panels. With this in mind, a 
new up-sampling technique called "time-based resampling" is employed in the current research. 
First, the time vectors of HIs are converted to percent lifespan, i.e., [0%, 100%]. Then, in each 
batch, the shorter HI vectors (in terms of the number of data points) are up-sampled to equal 
the longer HI vector’s length according to the relevant time vectors. This process is repeated 
for each batch separately. It should be noted that the size of the batch cannot be equal to the 
number of all training data sets in this case. Because the TIM will learn only the position of the 
data regardless of its value, it starts to predict from zero (healthy) at the beginning up to 100 
(failure) at the EOL according to the position of the coming data. For instance, for HIs with an 
equal length of 1000, the TIM model, by using only a bias, will learn that position 1 should 
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UHVXOW�LQ�D�]HUR�YDOXH�DQG�SRVLWLRQ�1000�VKRXOG�UHVXOW�LQ�D�KXQGUHG��ZLWKRXW�FDULQJ�DERXW�WKH�
LQSXW� YDOXH.� ,I� D� PRGHO� LV� WUDLQHG� LQ� WKLV� ZD\�� WKH� SHUIRUPDQFH� IRU� WKH� WHVW� VHW� ZRXOG� EH�
VLJQLILFDQWO\� ORZ�� VLQFH� WKH� WHVW� VHW� VKRXOG� QRW� ORJLFDOO\� EH� UHVDPSOHG.�7KXV�� WKH� EDWFK� VL]H�
VKRXOG� EH� OHVV� WKDQ� WKH� ZKROH� WUDLQLQJ� GDWD.� ,Q� WKH� FXUUHQW� VWXG\�� RQH� FRPSRVLWH� SDQHO� LV�
FRQVLGHUHG� IRU� YDOLGDWLRQ� DQG� RQH� IRU� WKH� WHVW�� DQG� 10� VDPSOHV� DUH� UHWDLQHG� IRU� WUDLQLQJ.�
7KHUHIRUH��WKH�EDWFK�VL]H�IRU�WKH�7,0�FRXOG�EH�2�RU�5��RI�ZKLFK�2�VHHPV�PRUH�UHDVRQDEOH.�,W�
VKRXOG�EH�QRWHG�WKDW�LI�EDWFK�VL]H�1�LV�FKRVHQ��WLPH�EDVHG�UHVDPSOLQJ�LV�SRLQWOHVV.

3.5 Time-dependent model (TDM)
7R PDLQWDLQ�D�ORQJ�WHUP�UHFRUG�RI�VHTXHQWLDO�LQSXWV�E\�XVLQJ�WKH�PHPRU\��WKH�ORQJ�VKRUW�

WHUP�PHPRU\��/670��LV�D�SURSHU�FDQGLGDWH�WKDW�FDQ�EH�FRQVLGHUHG�DV�RQH�RI�WKH�PDLQ�OD\HUV�RI�
WKH�7'0.�7KH�GHVLJQHG�DUFKLWHFWXUH�IRU�WKH�7,0�LQ�WKH�SUHVHQW�ZRUN�FDQ�EH�VHHQ�LQ�)LJXUH��.�
7KH�/670�OD\HU�KDV�10�XQLWV�ZLWK�LQLWLDOL]LQJ�]HUR�YDOXHV�IRU�KLGGHQ�DQG�FHOO�VWDWHV.�$IWHU�WKH�
/670�OD\HU��D�)&�OD\HU�ZLWK�RQH�QHXURQ�IROORZLQJ�D�5H/8�DFWLYDWLRQ�OD\HU�LV�XWLOL]HG.�7KH�
SVHXGR�+XEHU�ORVV�IXQFWLRQ��ZKLFK�LV�D�VPRRWK�DSSUR[LPDWLRQ�RI�WKH�+XEHU�ORVV�IXQFWLRQ��LV�
XVHG�IRU�WKH�UHJUHVVLRQ�WDVN.�7KH�+XEHU�ORVV�LV�D�IXQFWLRQ�XVHG�LQ�UREXVW�UHJUHVVLRQ�ZLWK�OHVV�
VHQVLWLYLW\� WR� RXWOLHUV� WKDQ� 506(.� 7KH� HTXDWLRQ� IRU� WKH� SVHXGR�+XEHU� ORVV� IXQFWLRQ� LV� DV�
IROORZV�

𝐿𝑇𝐷𝑀 = 𝛿2 (√1 + (
𝑇𝑗 − 𝑎𝑗

𝐿

𝛿
)

2

− 1) �12�

ZKHUH�WKH�VWHHSQHVV�DW�H[WUHPH�YDOXHV FDQ�EH�FRQWUROOHG�E\�𝛿��ZKLFK LV FRQVLGHUHG 20�LQ�WKH�
SUHVHQW�ZRUN�DIWHU�WULDO�DQG�HUURU.�

Figure 3��$UFKLWHFWXUH�RI�WKH�WLPH�GHSHQGHQW�PRGHO �7'0�.

$Q�$GDP�RSWLPL]HU�ZDV� XVHG� WR� OHDUQ� WKH�7'0��ZLWK� DQ� LQLWLDO� OHDUQLQJ� UDWH� RI� 0.01�� D�
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learning rate drop factor of 0.1, a learning rate drop period of 10, and a gradient threshold of 1, 
all of which have been selected after trial and error. Despite the fact that the maximum number 
of training epochs was set to 2000, the network’s output is based on the best validation loss, 
with the validation check frequency set to 50 iterations (the number of trained batches) and the 
validation check patience set to 50. As mentioned in the previous section, the batch size of 2 
was taken, where no padding is needed since the sequences in each batch are already of equal 
length. 

4 RESULTS AND DISCUSSIONS 
Table 2 displays the hyperparameters for the TIM sub-model that have been optimized using 

BO. The 1st and 2nd level HIs that are outputted after the TIM and TDM sub-models can be seen 
in Figure 4. It is important to note that specimens 11 and 12 were utilized as validation and test 
samples, respectively. The error shown in Figure 4 represents the RMSE between the simulated 
ideal HIs and the constructed (1st and 2nd level) HIs. As shown in the figure, the HI(1)s generated 
by TIM have high fluctuations, while TDM upon TIM produces smooth HI(2)s. The HI(1)s for 
specimens 6 (training) and 11 (validation) exhibit a decreasing trend, which highlights the 
limitations of the TIM. On the other hand, the TDM was able to correct the trend for these two 
specimens. In terms of the behavior of HI(2)s, there are several (1 to 3) increasing steps observed 
over the fatigue life, which can be interpreted as different damage states and can contribute to 
the subsequent prognostic model for RUL prediction. 

The evaluation metrics for the constructed HIs are presented in Table 3. Thanks to 
considering the time-dependency, all the scores for HI(2) are higher than those for HI(1). The 
proposed model not only offers a simpler and faster approach, but it also produces higher 
𝐹𝑖𝑡𝑛𝑒𝑠𝑠 scores when compared to state-of-the-art results [17]. Notably, the deep learning 
model in [17] comprises 193418 learnable parameters, whereas the proposed method has only 
1319 learnable parameters (~0.7%), with 828 assigned to TIM and 491 assigned to TDM. 

Table 2: The hyperparamters of the TIM optimized by the BO. 

optimizer algorithms FCL1 FCL2 FCL3 FCL4 activation function Objective value 
(𝐿𝐵𝑂)

Bayesian regularization 7 4 50 9 symmetric 
saturating linear 0.6949 

Table 3: The HIs’ evaluation metrics for the 1st and 2nd level HIs constructed by TIM and TDM, respectively. 

HIs’ evaluation criteria TIM (HI(1)) TIM-TDM (HI(2)) Ref. [17] 
Mo 0.93 1 1 
Pr 0.65 0.97 0.95 
Tr 0.62 0.94 0.94 

𝐹𝑖𝑡𝑛𝑒𝑠𝑠 2.21 2.91 2.89 
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Figure 4: The 1st and 2nd level HIs outputted after the TIM and TDM sub-models. 

5 CONCLUSIONS 
The study examined an AE dataset of composite panels with a single stiffener subjected to 

impact and run-to-failure C-C fatigue loading. Using a new standardization method and PCA, 
the 201 statistical features were reduced to 10 features, which were then imported into an MLP 
to be regressed to simulated HI labels. The TIM sub-model was optimized using the BO 
algorithm, and the predicted HI values were imported into the TDM sub-model to enhance its 
performance. The proposed approach produced higher Fitness score than state-of-the-art results 
and had much less (~0.7%) learnable parameters, which is much simpler and faster than the 
deep learning model in the previous study.  
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