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Natural fibre composites are increasingly explored for structural applications due to improvements in mechanical
performance. For this, damage prognostics are crucial. We integrate acoustic emission (AE) and deep learning
techniques to predict the remaining useful life of a flax fibre composite under long-term creep load. Derivatives
of cumulative AE features with respect to time, such as cumulative hit and count rates, are introduced to reflect
the performance degradation rate of the materials. These proposed features seem more relevant for creep lifespan

than traditional AE features. Long short-term memory networks and temporal convolutional networks are
adopted to estimate the composite’s remaining useful life. The two models’ normalized root mean square errors
are below 0.11, less than 20% of the error of a statistical Weibull-distribution benchmark model. Our study
demonstrates that AE-based data-driven models can predict the performance degradation of composite materials

subject to sustained load.

1. Introduction

Natural fibre composites (NFC) have been increasingly explored for
potential structural applications, e.g., in the civil engineering and
automotive sectors, owing to notable advancements in optimizing their
mechanical performance. Damage prognostics are crucial to ensure the
structural integrity and reliability of NFC during their in-service life.
When subjected to long-term cyclic (fatigue) and/or constant (creep)
loadings, NFC often experience a considerably dispersive lifespan due to
the complex deterioration process, which is mainly caused by their non-
homogenous characteristics at the composite level, coupled with the
non-uniform nature of natural fibres in their micro-structure, compo-
nent content, as well as the randomly distributed defects like kink bands.
In this scenario, the traditional physical or empirical models can only
provide a rough lifespan estimation for NFC, because most of the models
are formulated in terms of the premeasured ultimate strength and pre-
defined loading patterns [1-6], and overlook the impact of the uncer-
tainty in the damage evolution and accumulation in NFC during their in-
service life. Hence, it is necessary to explore a more versatile approach
for damage prognostics of NFC under long-term load.

Acoustic emission (AE), a prominent technique in the domain of
structural health monitoring, has been widely used in damage detection
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and identification of composite materials [7-15]. Due to increased re-
quirements in the health management and maintenance of composite
structures, efforts have also been made in AE-based damage prognostics
to predict the remaining useful life (RUL) and strength (RUS). Compared
to simple empirical models considering only a single AE parameter such
as energy [16,17] or counts [18] for RUL prediction, AE-based data-
driven models have been gaining increased interest due to their excel-
lent capability of processing abundant data and mapping complex non-
linear relationships. Several machine-learning methods have been
attempted for the damage prognostics of composite materials based on
AE data, such as the Gaussian process [19,20], the random forest model
[21,22], and artificial neural networks (ANN) [23-30]. However, these
methods do not take the temporary dependency in the time-series data
into account, which is essential for RUL prediction of composite mate-
rials subject to cumulative damage. While Hidden Semi Markov Models
(HSMM) [31-33] consider the sequence information and show better
performance in RUL prediction of composite materials than an ANN
model [34], they are limited to a modestly-sized discrete hidden state
space and computationally expensive for modelling long-term de-
pendency [35].

Long Short-Term Memory (LSTM) networks are a variety of recurrent
neural networks (RNNs) that are capable of learning long-term
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dependency. They specialize in discovering the underlying patterns
embedded in time series, which makes them suitable to track the
degradation process and thus to predict the RUL [36]. Yousef et al. [37]
predicted the long-term water absorption and thickness swelling be-
haviours of wood plastic composites by using an LSTM network and
found that 200 h of training data is adequate for the LSTM model to
achieve a mean absolute percentage error of 2 % between the actual and
predicted data. Nguyen et al. [38] carried out the RUL prediction for a
concrete beam under a four-point bending load based on AE data using
an LSTM model. Their findings demonstrate a significant performance
improvement when benchmarked against simple RNN models.

Another popular type of neural network is the Convolutional Neural
Network (CNN) which has been commonly used in Computer Vision.
Motivated by its feature extraction ability and computational efficiency,
1D CNN has been introduced to signal processing in the context of
structural health monitoring [39,40]. To deal with the problem of
temporal dependency existing in RUL prediction, the AE sequential data
are often segmented by a time window with fixed or variable length and
then fed as an input into the CNN models [41,42]. More recently, a
Temporal Convolutional Network (TCN) architecture integrated with
dilated causal convolutions and residual blocks, was introduced for
sequence learning tasks [43,44] and so far has attracted considerable
attention [45-48]. It is claimed the TCN model outperforms mainstream
RNN models such as LSTMs and gated recurrent unit neural networks,
across a diverse range of sequence modelling tasks and datasets [44].

Despite the tremendous potential of data-driven models such as
LSTM and TCN in damage prognostics, very few attempts have been
made for RUL prediction in the field of composite materials, especially
for natural fibre composites subjected to long-term creep load. In this
study, AE sensors and Linear Variable Differential Transformer sensors
were employed to detect damage activities and acquire creep deforma-
tion information in flax fibre composites during creep rupture tests,
respectively. LSTM and TCN models were employed for RUL prediction,
and the model performances were compared. Nested cross-validation in
conjunction with Bayesian optimization was used to explore the optimal
performance level of the two models.

2. Materials and testing
2.1. Material system

The composites were prepared with unidirectional flax fibre (Lineo
Flaxtape 110), bound by polyoxymethylene (POM) (Hostaform C2521)
through the film stacking method. The UD flax tapes and POM films
were predried in an oven at 105 °C for 20 min prior to manufacturing.
Two flat stainless-steel plates and one square steel frame were used as
the compressing mould. The former was used to compress and heat the
materials, while the latter allowed avoiding the lateral flow-away of the
molten polymers and controlled the thickness of the composite plates.
Eight layers of flax tapes were stacked between nine layers of POM films,
achieving a laminate thickness of 1.5 mm with a target fibre volume
fraction of 40 %. Two Teflon films were inserted between the surface
polymer films and the flat metal plates for demoulding.

The properties of the fibre and matrix as well as their composite are
listed in Table 1. The longitudinal strength and modulus of the fibre and
matrix were measured by tensile tests, whereas the composites were

Table 1
Properties of flax fibre and POM as well as their composite.

Materials Density (g/ Longitudinal modulus ~ Longitudinal strength
em®) (GPa) (MPa)
Flax fibre 1.45 68 + 3.4 533 + 37
POM 1.41 ~2.6 ~62
Flax/POM ~1.43 193 £1.7 201 + 6.5
composite
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tested in flexural mode. Tensile and flexural tests were conducted in
accordance with the standard test methods ASTM D3039 and ASTM
D7264, respectively.

2.2. Creep rupture tests monitored by AE

The creep rupture tests were performed using a custom-designed
flexural creep set-up placed in an environmentally conditioned room
(23 °C & 50 % RH) as shown in Fig. 1 (a). Six Linear Variable Differential
Transformer sensors (LVDT) with a resolution of 1 pm were attached on
the set-up for measuring the deflection of the samples under creep load.
Several stainless-steel blocks with varying dimensions were fabricated to
apply the constant creep load by connecting the hooks positioned in the
middle of the specimens. Through adjusting the number of blocks, a
weight resolution of 1 N could be achieved for the sustained load. Four
different stress ratios (the ratio of applied stress to the ultimate strength
measured by quasi-static flexural tests), namely 90 %, 85 %, 80 % and
75 %, were used to examine the applicability of the proposed strategy.
The standard test method ASTM D2990 was consulted to perform the
creep tests. The span length of the two support beams is 48 mm in
accordance with a span-thickness ratio of 32:1. The creep load was
gradually applied over a period of ~ 10 s. More details about this creep
set-up can be found in [49].

The AE device (Vallen AMSY-6 system) was used to monitor the
creep rupture tests. The acoustic signal was captured by an AE-sensor
Digital wave B-1025 with a broadband response from 50 — 2000 kHz,
and subsequently amplified by a preamplifier Vallen AEP4 with a 34 dB
gain before being processed by AE-signal processor ASIP-2A. A threshold
of 30.1 dB was used and the sampling rate of the AE sensors was 10 MHz
(100 ns). Tow parameters, discrimination time (400 pu s) and rearm time
(1000 p s), were used to discriminate hits and hit cascades, respectively.

When the samples were loaded in 3-point bending mode during creep
tests, the AE activities were concentrated in the middle of the sample
where the damage developed, as shown in Fig. 1 (b) where two AE
sensors were used for the damage localization. Hence, only one sensor
was used for each sample afterwards as the issue of disparity in detected
signal energy due to varied source-detector distance (energy attenua-
tion) caused by scattered damage location barely exists. With four data
acquisition channels configured in this Vallen system, four creep mea-
surements can be performed synchronously, which significantly reduced
the total experimental time.

3. Methodology

The goal of this work is to predict the RUL of flax/POM composites
after being subjected to a certain constant load for a period of time, t*.
To this end, all the predictors (creep descriptors and AE features) over
time collected before t* were fed into the data-driven models for pre-
diction and the RUL before failure is the output of the models. The
technical details of data preparation and model architecture are intro-
duced in the following subsections.

3.1. Data preparation

3.1.1. Feature extraction

Different from AE-based damage diagnostics for composite materials
where the damage modes are primarily identified by non-cumulative AE
features (e.g., amplitude, rise time, counts, energy, frequency), damage
prognostics rely more on cumulative features such as cumulative hits,
cumulative counts, and cumulative energy, which are sensitive to the
damage evolution [17,26,42,50-52]. Furthermore, previous work [53]
found that for flax fibre composites the cumulative hits detected during
creep rupture tests at various moments in time (“time stamps”) show a
similar trend to the damage volume fraction, as determined by micro-
computed tomography. This demonstrated that this AE feature is
capable of reflecting the damage severity, see Fig. 2 (a).
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Fig. 1. (a) Creep tests monitored by AE and LVDT. (b) Distribution of AE events along sample lengthwise direction.
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Fig. 2. The cumulative hits detected by AE during long-term creep rupture tests (a) corelation between cumulative hits and damage volume fraction representing the
damage severity tracked by micro computed tomography [53]; (b) correlation between the cumulative hits rate of the specimens and the corresponding

creep lifespan.

Inspired by this, the cumulative features rate (the first derivative of
cumulative features with respect to time) is proposed and regarded as an
indicator of degradation rate. As an example, Fig. 2 (b) illustrates the
relationship between the creep lifespan and the cumulative hits rate. A
significant correlation (R? = 0.96) can be observed. Hence, twenty-five
AE features comprising thirteen non-cumulative features, six cumulative
features and six cumulative features rates, were extracted based on AE
data, as presented in Table 2.

Creep deformation is a straightforward observation for the structural
response when the structure is subjected to long-term creep load.
Deformation data can provide valuable information in structural design
and the assessment of structural health. For example, creep strain data
are often used to calculate safety factors concerning time-dependent
creep failure in structural design in civil engineering. The typical
creep deformation-related features are creep strain and creep strain rate.
The former is associated with material ductility, while the latter can
represent the viscosity of the materials. Additionally, creep ratio (the
ratio of creep strain at a certain moment to the instantaneous strain) is
considered a significant feature of creep lifespan because it can reflect
the damage tolerance of the composites when subjected to long-term
creep load based on previous study [49]. The typical curves of creep

strain, creep rate, and creep ratio of samples during creep rupture tests
are illustrated in Fig. 3.

3.1.2. Feature selection

Feature selection can reduce the computational cost and improve the
model performance by eliminating irrelevant and redundant features.
Three filter methods, the ReliefF [54,55], Neighbourhood Component
Analysis (NCA) [56], and Minimum Redundancy Maximum Relevance
(mRMR)[57] were adopted for feature subset selection considering their
computational efficiency and applicability to different machine learning
models. The ReliefF algorithm scores the features according to the
respective difference values they give to k-nearest neighbours with the
same and different response variables. Specifically, the feature weights
are penalized if they give different values to the neighbours with the
same response, and are rewarded if they give different values to
neighbours with different response. NCA is also a nearest neighbour-
based feature evaluation method. The main idea of this algorithm is
that the feature weights are learned via minimizing a weighted loss
function (the average leave-one-out regression error with respect to
feature weights), using the gradient descent technique.

While the ReliefF and NCA have been found to be valuable for the
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Table 2
Twenty-five extracted AE features.

No.  Feature provided by Vallen No.  Extracted feature
system
1 Amplitude — A (dB) 14 Cumulative hits — Cum_Hits
2 Rise time — RT (ps) 15 Cumulative rise time — Cum_RT (ps)
3 Duration time — DT (ps) 16 Cumulative duration time —
Cum_DT (ps)
4 Counts — C 17 Cumulative counts — Cum_C
5 Energy — E (eu) 18 Cumulative energy — Cum_E (eu)
6 Signal strength — SS(nV s) 19 Cumulative signal strength —
Cum_SS (nV s)
7 Root mean square — RMS (uV) 20 Cumulative hits rate —
Cum_Hits_rate (ps—')
8 Peak frequency— FMAX (kHz) 21 Cumulative rise time rate —
Cum_RT _rate
9 Frequency centroid of 22 Cumulative duration time rate-
Gravity— FCOG (kHz) Cum_DT rate
10 Cascade hits — CHIT 23 Cumulative counts rate —
Cum_C_rate (ps™1)
11 Cascade counts — CC 24 Cumulative energy rate—
Cum_E rate (eu™!)
12 Cascade energy — CE (eu) 25 Cumulative signal strength rate —
Cum_SS_rate (nV)
13 Cascade signal strength — CSS
(nVs)
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Fig. 3. Typical curves of creep strain, creep rate, and creep ratio during creep
rupture tests.

selection of AE features [42], the two methods focus on only the feature
relevance/importance to their response variable and are incapable of
examining the redundance within the selected features. The mRMR
method aims to select the feature subset with the maximal dependency,
maximal relevance and the minimal redundancy from the raw feature
set. Based on the relevance and redundance measured by mutual in-
formation, mRMR can effectively reduce the redundant features while
keeping the relevant features for the model. In this study, the ReliefF and
NCA were firstly applied to find a candidate feature set, and mRMR was
then used to examine the redundancy for selecting a more compact
subset.

Fig. 4 (a) and (b) presents the importance of the twenty-eight fea-
tures (twenty-five AE features and three creep deformation features)
with respect to RUL, quantified by ReliefF and NCA. All the non-
cumulative AE features, e.g., amplitude, rise time, duration time, etc.,
show negative importance weights calculated by the ReliefF and
approximately zero value by NCA, implying they are not relevant to the
RUL. This finding is consistent with the results reported in [42]. Most
cumulative AE features and cumulative features rates have positive
important weights measured by the ReliefF and relatively large values
by NCA, except cumulative energy and cumulative energy rate. The low
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relevance of cumulative energy and its rate might be due to their poor
correlation with the damage evolution of the composite under creep
load, as reported in [53]. Cumulative hits rate appears to be the most
important health indicator of RUL among the AE features according to
ReliefF and NCA, which is in accord with the strong correlation shown in
Fig. 2 (b). The three creep deformation features, particularly creep ratio,
are significant to the response, as indicated by their relatively high
importance values. Hence, the thirteen non-cumulative AE features as
well as cumulative energy and cumulative energy rate were eliminated.
The remaining AE features, and three creep deformation features were
evaluated later by mRMR, as shown in Fig. 4 (b).

Based on the mutual information quotient (relevance/redundancy),
these features do not show clear differences in their quotients despite the
highest ratio of relevance to redundancy measured for cumulative hits.
This indicates they have balanced contribution to RUL and their
importance is not significantly different. In other words, there isn’t a
single dominant feature; instead, multiple features play crucial roles in
explaining the variability in the response variable. Therefore, the ten AE
features and three creep deformation features presented in Fig. 4 (b)
were used as the input of the models.

3.2. Architecture of deep learning models for RUL prediction

3.2.1. Long Short-Term memory (LSTM) model architecture

Several variants of LSTM have been developed in the past years to
handle a variety of sequence learning problems since the LSTM cell was
first proposed by Hochreiter and Schmidhuber [58]. In this work, a
regular unidirectional LSTM comprising input gate, forget gate and
output gate, are adopted, as illustrated in Fig. 5 (a). To deal with the RUL
prediction task, fully connected layers (FC) are added to map the learned
sequential information from the LSTM to the final regression output.
Besides, a dropout layer serving as a regularization technique is used to
help avoid the overfitting issue. The final LSTM model architecture is
presented in Fig. 5 (b).

3.2.2. Temporal convolutional network (TCN) model architecture

The prominent characteristics of a TCN are mainly attributed to its
two ingredients, namely causal convolution, and dilation convolution,
as depicted in Fig. 6 (a). The former provides a causal constraint that the
output at each timestamp is only determined by the historical inputs and
not by any “future” inputs, which is a logical design for the prediction of
time-series data. The latter is an alternative approach to increasing the
filter size and network depth when a long-term dependency needs to be
learned from the long historical data. With the dilation operation, the
receptive field can be exponentially expanded, which enables an output
at the top level to represent a wide range of the inputs.

The residual block [60] is often preferred in TCN models, to speed up
convergence and enable training of much deeper models [43,44]. With
the dilated causal convolutions and residual connections as the ele-
ments, the TCN models can be adjusted for various sequence learning
tasks. In this work, the residual block comprises one dilated causal
convolution layer, one weight normalization layer to accelerate the
training progress, one rectified linear unit (ReLU) as the activation
function, and one spatial dropout layer for the regularization. Addi-
tionally, a 1x1 convolution is added when the residual input and output
have different dimensions. The visualization of the used TCN architec-
ture is shown in Fig. 6 (b).

4. Results and discussion
4.1. RUL prediction based on LSTM and TCN

The Adaptive moment estimation (Adam) optimizer was used for
training via gradient descent. All the hyperparameters of the two models

were determined through a rough grid search on the data obtained from
preliminary tests. In the LSTM model, 300 hidden units were set in the
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Fig. 4. Importance of (a) non-cumulative AE features (b) cumulative AE features and creep deformation features evaluated by ReliefF and Neighbourhood
component analysis (NCA); (c) Redundancy evaluation for a subset of features using Minimum Redundancy Maximum Relevance (mRMR), refer to the list of ab-

breviations for the features in Table 2.

LSTM layer, followed by a FC layer with 50 neurons. The length of the
AE sequential data is ~ 3500 in each measurement. To cover the com-
plete historical data for the predictions at all timestamps, the filter size f
of TCN was set as 5 and the number of convolutional layers (residual
blocks) K=10 was selected to achieve a receptive field R =
1+(f—1)(2X —1) = 4093 > 3500. The number of filters for each con-
volutional layer was set as 50. The initial learning rate was 0.01 for both
LSTM and TCN and reduced by a factor of 0.2 every 50 epochs. The
maximum training epoch was set as 200 for LSTM and 100 for TCN as
TCN converges more quickly. A dropout rate of 0.5 was used in both
models to avoid overfitting.

Given the potentially consistent damage mechanisms and evolution
pattern existing in the samples when subjected to different stress levels,
an attempt was made to train the models using the data from twenty

measurements (five out of six measurements at each stress level),
whereas the remaining four measurements were held back for testing.
However, poor predictions were obtained when the data from different
stress levels were fused, see the results in Appendix Al. The reason
could be that the features from different stress levels vary widely with
respect to time scales, from minutes (under a stress ratio of 90 %) to days
(under a stress ratio of 75 %). The diversity of the features at different
stress levels might exert a significantly greater influence on the models
in training compared to the consistent patterns.

Therefore, the models were trained using data from only the same
stress level. A leave-one-out cross-validation method was adopted to
estimate the generalization performance of the two models given the
relatively small dataset (six measurements for each sample). That is, the
data from five measurements of each stress level were used to train the
models, and the remaining one measurement was used for testing. Each



J. Hao et al.

Forget Input Qutput h "
Gate Gate Gate
| o W o W Cuwe ] -1
c X + — C
t1 ~ \ t
| C. NN
I tanh I
I 1
] I
1 — X 1 1
i £ X i by
1 1 e 0, I
H t t C t |
] I
'l &8 c tah || o :
1 I
I
I\ Wf Wi Wc ]Wo i
ht-l \ /’
\~ ___________________________ —’
X
o | tanh X + [ |
Sigmoid Tanh Pointwise Pointwise Vector Copy

Multiplication ~ Addition Concatenation

(@)

Composites Part A 188 (2025) 108572

Input layer

!

LSTM layer

!

Fully connected layer

!

Dropout layer

0

Fully connected layer

!

Output layer

(b)

Fig. 5. (a) Diagram of the regular LSTM cell [59]. (b) Architecture of the LSTM model.
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stress level sample comprises six predictions generated through the
leave-one-out cross validation method. While six specimens seem like a
small sample size, each specimen generates thousands of AE events,
enabling statistical learning. Other related studies have used similar
sample sizes, see [21,25,42].

Fig. 7 presents the representative RUL estimations of the four sam-
ples (under four different stress ratios) by using LSTM and TCN. The
predicted results show satisfactory agreements with the actual RUL
overall. It is found that the predicted values deviate noticeably from the
actual RUL line in the early stage (most likely the primary creep stage)
but converge to the actual RUL line when approaching the end of the
creep life. The moderate performance in the early stage is probably
because AE events generated sporadically in this stage, leading to a
relatively small number of AE events and thus limited information can
be fed into the model for prediction.

In order to compare the performance of the two models on the
samples under different stress levels, it is essential to select a metric

capable of rejecting the influence of significant disparity in their lifespan
scale. Mean square error (MSE) and root mean squared error (RMSE) are
commonly used criteria for the quantitative assessment of prognostic
performance, but they can only provide unbiased evaluation for the data
at the same scale. Mean absolute percentage error (MAPE) takes into
account the disparity in the life scale by normalizing the absolute errors
with corresponding RUL values. For AE data obtained during the dam-
age process of composite materials, however, intensive AE activities are
always detected at the last few moments before the end of life. The
extremely small actual RUL values tend to give rise to disproportionately
large percentage errors, despite the small magnitude of absolute errors.
The prediction errors derived from the dense data acquired in the final
short period, carry substantial weight when computing the MAPE that
represents the overall performance. As a result, an undesirable inflation
in MAPE value is often obtained even in the case where good global
performance is observed, see examples in [25,34]. In practical applica-
tions, the prediction accuracy in the earlier phase draws more attention
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Fig. 7. Representative RUL predictions of samples under four different stress levels: (a) stress ratio of 75%, (b) stress ratio of 80%, (c) stress ratio of 85%, (d) stress
ratio of 90%, given by LSTM and TCN. The RUL values at any moment t, were estimated based on the historical data up to t.

since an early warning is more valuable for scheduling maintenance. In
this context, it becomes pertinent to assign greater weight (importance)
to the predictions made during the early phases, while mitigating the
influence of predictions from the latter stages. In this study, RMSE is
employed to quantify the prediction errors within each sample. Subse-
quently, the RMSE values of the samples are normalized by their
respective lifespan (NRMSE), to compare the model performance across
diverse stress levels. Although the NRMSE underestimates the relative
errors notably in the final period, it enables a more coherent assessment
of the overall performance and the comparability among different
samples. The normalized RMSE is formulated as follows:

N —
s\ 2 (RO — RULyua (6 )?
z

NRMSE =

where Rﬁf([) is the estimated RUL and T; the corresponding creep
lifespan.

To benchmark the performance of the two AE-based data-driven
models, the RUL is also analysed statistically using a simple Weibull
distribution model:

P(t)_lexp[ (;)ﬂ] (2)

where t, and f are the scale and shape parameters, respectively.

The lifespan, namely RUL(t = 0) follows well the Weibull distribu-
tion, as shown in Appendix A2. The estimation of the RUL at any
moment is given by a prediction line constructed with a slope of —1, and
the mean value of the Weibull distribution model as its intercept.

The corresponding NRMSE values of the two data-driven models and
the Weibull distribution model are depicted in Fig. 8 (a). The mean
NRMSE illustrated by a black dashed line is used to represent the
generalization performance of the three models under four different
stress levels. The mean NRMSE values of LSTM and TCN models are
close and both are less than 0.11 at the four stress levels, which dem-
onstrates satisfactory predictive capabilities. When benchmarked
against the Weibull distribution model, the model errors are merely 20
%, 7 %, 16 %, and 7 % of its performance at stress ratios of 75 %, 80 %,
85 %, and 90 %, respectively.

Among the four stress levels, the sample with a stress ratio of 80 %
exhibits the most favourable performance of all the three models. While,
higher mean NRMSE values are observed in samples with stress ratios of
75 % and 85 %. One essential reason accounting for the performance
disparities among different samples is attributed to the variability of
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Fig. 8. (a) The normalized RMSE of the two models for the samples under four different stress ratios. (b) The correlation between the coefficient of variation of creep

lifespan and the corresponding mean NRMSE.

creep lifespan (the response of the dataset). Here, the coefficient of
variation, defined as the ratio of the standard deviation to the mean
value, is adopted to quantify the relative variance of the creep lifespan of
samples with six measurements under four different stress ratios. Fig. 8
(b) presents the correlation between the coefficients of variation and the
NRMSE of the four samples. It is found that the Pearson correlation
coefficient between the coefficient of variation and the NRMSE is 0.77
for LSTM and 0.81 for TCN, which demonstrates their model perfor-
mance is significantly influenced by the variance in the dataset. Higher
variance typically implies greater pattern diversity and/or increased
noise within the data, posing more significant challenges for the models
to discern underlying patterns.

In comparison with LSTM, TCN demonstrates lower mean NRMSE
values across most samples, which indicates its better performance in
handling the task in this study. Additionally, TCN offers a computational
efficiency advantage due to its parameter sharing mechanism, which
utilizes same filters, significantly reducing the number of parameters
required. This reduction can lead to a faster training process, see Ap-
pendix A3. However, a greater sensitivity to data variance is evident, as
indicated by the Pearson correlation coefficient. Overall, TCN might be a
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more promising method for the prediction of time-series data.

4.2. Nested cross-validation and Bayesian optimization

In pursuit of optimizing the performance of both models within the
constraints of limited data due to the time cost of long-term creep tests, a
more sophisticated hyperparameter tuning strategy compared to simple
grid or random search, namely Bayesian optimization, was adopted to
refine the hyperparameters of the two models. It leverages information
from previous evaluations to intelligently select the next set of hyper-
parameters for exploration and exploitation, which enables the algo-
rithm to focus its efforts on regions where the probability of attaining the
most promising performance scores is highest. In Bayesian optimization,
the mapping between the hyperparameter combinations and the
objective function (validation error) that has no closed-form expression
is drawn from a probabilistic model, a Gaussian process. To determine
the next point for evaluation, the expected improvement acquisition
function was used in this study. More details about Bayesian optimiza-
tion can be found in [61].

A nested cross-validation approach is adopted to avoid optimistically
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Fig. 9. Illustration of nested leave-one-out cross-validation.
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biased estimation of performance resulting from using the same dataset
for hyperparameter tuning and performance evaluation. Fig. 9 depicts
the framework of nested leave-one-out cross-validation (CV) in
conjunction with Bayesian optimization. The outer loop is responsible
for error estimation, while the inner loop CV serves for hyperparameter
tuning. For each outer loop, the dataset is split into six folds (six mea-
surements in each sample) in which five folds are used for training and
the remaining one for testing. In the inner loop, one fold of the training
data from the outer loop is held back as the validation set and the
remaining four folds are used for model training. The hyperparameter
combinations are first explored through Bayesian optimization. The
optimal model configuration is determined by assessing the cross-
validated metric (mean error) on the five validation datasets. After-
wards, the generalization performance of the two models is evaluated
with the mean error of the optimal models for the six outer loops.

The sample with a stress ratio of 80 % was selected as an example to
present the performance improvement of the two models with Bayesian
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optimization. RMSE is used as the metric to compare the model per-
formance on the same sample. The hyperparameters to be tuned in the
LSTM model include the number of LSTM units in the hidden layer with
a search domain from 10 to 500, the number of units in the FC layer
ranging from 10 to 100, and the initial learning rate from 0.0001 to 1.
Fig. 10 (a) provides a representative plot which shows the RMSE of the
LSTM model varying with 100 different combinations of the three
hyperparameters. The RMSE values are indicated with the size of the
solid circle and the accompanying colour bar attached on the right of the
graph. It is seen that the data points are nonuniformly distributed across
the entire search space. Instead, they are densely clustered in a specific
region where the lowest RMSE is eventually found. The lower RMSE
could be theoretically achieved before exhaustively exploring all
possible hyperparameter combinations. To confirm the best observation
found within 100 iterations with a high confidence level when dealing
with an infinite number of potential combinations, the lowest RMSE
values observed so far over each iteration are presented in Fig. 10 (b).

w £ %] (2]
o o o o

Lowest RMSE so far

o]
o

-
o

40 60 80
Iteration

(b)

20 100

30 T T .
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26 1
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lteration

(d)

50

Fig. 10. Hyperparameter tuning for the LSTM and TCN models: (a) RMSE varying with number of units in fully connected layer, number of LSTM units and initial
learning rate of the LSRM model; (b) the lowest RMSE value of the LSTM model over the iterations (different hyperparameter combinations); (c) RMSE varying with
number of filters and initial learning rate of the TCN model; (d) the lowest RMSE value of the TCN model over the iterations.
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The lowest RMSE is updated if the current hyperparameter combina-
tions lead to a lower RMSE than the lowest value in previous iterations.
It is found that lower RMSE of the LSTM model is continuously observed
until 55 iterations and the remaining 45 iterations fail to yield a lower
RMSE value. This suggests that the hyperparameter combination leading
to the lowest RMSE is most probably the optimal setting, even with only
100 iterations.

In the TCN model, the number of residual blocks and the filter size
are justified to cover the complete historical data. The other hyper-
parameters which appear to be significant are the number of filters
ranging from 2 to 512 with an exponential variation based on 2, and
initial learning rate from 0.0001 to 1. Fig. 10 (c) presents the observed
RMSE values (linked to z axis) of the TCN model with respect to the two
hyperparameters within 50 iterations. A 3 D surface is used to fit the
discrete RMSE observations, and a contour is superposed on the top of
the graph. The RMSE values of the surface and the contour are linked
with a colour bar on the right. The surface plot shows an approximate
distribution of the RMSE in terms of the initial learning rate and the
number of filters. Simultaneously, the contour lines provide a clear
indication of the locations of local minima, including the global mini-
mum corresponding to the lowest RMSE, denoted by a red solid circle.
The lowest RMSE value is identified at the 23rd iteration, as shown in
Fig. 10 (d).

The optimal hyperparameter combinations of LSTM and TCN models
determined in the inner loop CV using Bayesian optimization are shown
in Table 3. The surrogate model performance is then evaluated on the
testing folds in the outer loops and compared with that using rough grid
search. The performance improvement percentage (PIP) is given by:

RMSEBayesfupt _RMSEGn'd )

PIP = 100 x .
x RMSEgg

3

The initial learning rate in the LSTM model shows close values across
all testing folds, except for one anomaly observed in testing fold 4, which
might be induced by the data noise. In the TCN model, the values of the
initial learning rate obtained on all six testing folds are noticeably larger
compared to 0.01 determined by grid search, demonstrating the neces-
sity of the refining procedure. The number of LSTM units, the number of
neurons in the FC layer of the LSTM model, and the number of filters in
the TCN model exhibit a relatively high variance on six testing folds. One
possible explanation is that the three hyperparameters appear to have
less impact on model performance compared to the initial learning rate,
which can be perceived in Fig. 10 (a) and (c). Clearly, the model per-
formance demonstrates an overall improvement when Bayesian opti-
mization is applied, even though a minor performance degradation of
5.9 % is observed in testing fold 2 of the LSTM model. On average, a PIP
of 14.2 % and 12.1 % is achieved for the LSTM and TCN models,
respectively.

5. Conclusions and outlook

In this study, the RUL of flax fibre composite subjected to creep load

Table 3

Composites Part A 188 (2025) 108572

was predicted using LSTM and TCN deep learning models based on AE
data and creep deformation. Cumulative feature rates, which appear to
be significant to the RUL, were proposed to reflect the performance
degradation rate of the composites under creep load and incorporated as
part of the input variables of the models. A specific metric, NRMSE, was
used to assess and compare the model performance across four diverse
samples with lifespan spanning three orders of magnitude. The LSTM
and TCN models are very close in NRMSE; both outperform the Weibull
distribution model. A pronounced correlation (the Pearson correlation
coefficient of 0.77 is observed for LSTM, and 0.81 for TCN) between the
model performance and the variance of RUL in each sample was
observed. In comparison with the LSTM model, TCN exhibits better
predictions across the majority of samples, but with a heightened
sensitivity to data variance.

Bayesian optimization was used to fine-tune the hyperparameters of
the two models using nested CV. An overall improvement of 14.2 % and
12.1 % was obtained for LSTM and TCN models compared to hyper-
parameter optimization with a rough grid search, respectively.

Although this study demonstrates the applicability of the AE-based
data-driven model for RUL prediction of composite materials sub-
jected to long-term creep load, the robustness of the models needs to be
further explored for the following reasons. Firstly, the models are scored
based on limited data derived from samples subjected to specific loading
conditions. This limited dataset may not fully capture the complexities
of various loading scenarios. Secondly, the model performance is highly
related to the quality of extracted features. The interpretability and
relevance of these features may vary across different material compo-
sitions, structural configurations, and loading conditions, etc. Addi-
tionally, the AE waves are not necessarily consistent even in the same
scenario, since they are also affected by factors such as sensor type,
sensor-source distance (attenuation issue), and signal acquisition-
related user-defined parameters. Therefore, it is imperative to recon-
struct and retrain the models, and use them cautiously when dealing
with other similar RUL prediction tasks based on AE data.

Several considerations are given for future work:

The creep tests were conducted under high stress levels (90 %, 85 %,
80 % and 75 %). It would be valuable to generalize the models for
lower stress levels. However, evaluating the model performance at
low stress levels is a challenge as creep lifespans can extend over
centuries, making data difficult to obtain. One potential approach to
obtain the data at low stress levels is to accelerate the creep behav-
iour of the composites using the time-temperature superposition
principle. Investigating this approach in future research could pro-
vide important insights.

e The AE features are often correlated to the damage mechanisms in
the composite materials, and different damage mechanisms have
varying impacts on the remaining useful life. Therefore, incorpo-
rating the damage classification into the lifespan prediction models
could potentially further enhance their accuracy and performance.

The optimal hyperparameter combinations of LSTM and TCN models determined by using Bayesian optimization and the performance improvement percentage (PIP)

compared to the rough grid search.

Optimization Testing LSTM TCN
approach fold Number of LSTM Number of neurons in FC Initial learning PIP Number  Initial learning PIP
units layer rate of filters  rate

Rough grid search Fold 1-6 300 50 0.01 0.0 % 32 0.01 0.0 %

Bayesian optimization ~ Fold 1 280 920 0.01558 16.7 % 16 0.06575 8.9 %
Fold 2 350 100 0.01136 -5.9% 64 0.04555 17.5%
Fold 3 210 100 0.01440 16.1 % 64 0.08755 0.7 %
Fold 4 310 90 0.00574 6.6 % 128 0.05318 7.1 %
Fold 5 290 30 0.01799 35.1 % 32 0.03404 26.4%
Fold 6 470 60 0.01689 16.4 % 64 0.01978 12.2%
Average . — — 14.2 % — = 121%
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e Techniques such as transfer learning and data augmentation could be
explored to deal with the challenge of insufficient creep lifespan
data, see the typical work in [62,63]. To enhance the model gener-
alization across varying materials, loading conditions and test envi-
ronments, physics-informed machine learning models represent a
promising solution to address the issues posed by limited represen-
tative datasets from different scenarios. By embedding appropriate
physics knowledge (laws, principles, or constraints) into the learning
process, the models become not only more interpretable but also
more effective at generalizing to new scenarios [64].
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