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Abstract. Composite materials have been employed in many engineer-
ing structures, such as aircraft, wind turbines, and aerospace structures.
These materials are renowned for their superior stiffness, corrosion resis-
tance, fatigue resistance, and wear resistance, as well as their enhanced
thermal properties and reduced weight. However, identifying damage in
composite structures is still a challenge, given the influence of external
factors on the behaviour of these materials, such as temperature varia-
tion and their heterogeneity on the meso/micro-scale. This study focuses
on the Structural Health Monitoring (SHM) of carbon fibre-reinforced
polymer (CFRP) plates under varying temperature conditions. Strate-
gically positioned piezoelectric sensors are employed to generate Lamb
waves and monitor their propagation through the structure, enabling
the collection of detailed information about potential damage. Damage
is simulated by applying test masses with varying diameters, representing
different levels of severity. Temperature variation is included in the study
to assess its influence on structural behaviour and sensor responses. The
data collected by the sensors are processed using the PyMLDA code, a
machine-learning tool designed to implement and train models that effi-
ciently classify the structural state. This work demonstrates the poten-
tial of integrated and intelligent solutions to advance SHM in composite
materials, contributing to the safety and efficiency of critical structures
under challenging conditions.

Keywords: Damage Detection· SHM· Machine Learning· Multiphysic·
PyMLDA code.

1 Introduction

Composite materials are vital in advanced engineering sectors like aerospace and
wind energy due to their superior stiffness-to-weight ratio, corrosion and fatigue
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resistance, wear performance, and thermal properties. Their design versatility
also allows for complex structural designs [1,2]. Nevertheless, these structures of-
ten endure harsh mechanical and environmental conditions during service, lead-
ing to faster degradation and higher maintenance. Typical defects include matrix
cracks, fiber-matrix debonding, interlaminar voids, uneven resin, and poor con-
solidation [3–6]. Delamination is considered the most critical failure, severely
reducing load-bearing capacity and potentially causing sudden catastrophic fail-
ure [7].

To reduce costs and improve operational efficiency, a real structural health
monitoring method is vital for detecting defects. The successful integration of
Machine Learning with SHM in various fields has led to the development of
precise and automated procedures. Vibration analysis-based systems are highly
promising for structural monitoring and fault diagnosis. Studies by Liu et al. [8]
and Jakkamputi et al. [9] demonstrated the effectiveness of Gradient-Boosted
Decision Trees (GBDT) and Decision Trees (DT) in damage identification. Ad-
ditionally, Viotti et al. [10] showed that Support Vector Machine (SVM) with
autoregressive features significantly improved autonomous defect detection in
thermoplastic composites. Furthermore, research by Pashmforoush et al. [11],
Hamdi et al. [12], and Diaz-Escobar et al. [13] utilised K-means and K-nearest
neighbours (KNN) to evaluate delamination and classify damage in composites,
proving their robustness across different contexts and data. In a related study,
Sousa et al. [14] analysed a CFRP plate, focusing on the impact of thickness,
temperature, and damage index on structural integrity, classifying 23 damage
states and finding KNN and RF to be effective machine learning models. These
results underscore the variety and capability of ML techniques for accurate and
effective damage detection and classification in composite structures within SHM
frameworks.

This study investigates the integrity of a composite structure subjected to
temperature changes. It employs an SHM-ML approach utilising the PyMLDA
code, developed [15–17], for damage assessment. The input data consists of
ultrasonic-guided elastic waves obtained from a carbon fiber-reinforced polymer
(CFRP) plate. The PyMLDA code analyses the temporal or frequency responses
of the structure to detect, categorise, identify patterns in, and quantify damage,
enabling accurate and real-time structural monitoring. Applying this approach
in practice can help reduce operational expenses and increase the durability of
composite structures, thereby strengthening their sustainability and economic
viability.

2 Methodology

The proposed methodology builds upon and enhances the functionalities of the
open-source PyMLDA framework [17, 18] , integrating an improved multiclass
classification strategy to assess structural damage under varying thermal and
mechanical conditions. To monitor the CFRP polymer plate, we adopt the model
illustrated in Fig. 1, which follows the original PyMLDA classification pipeline,
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with specific modifications to increase robustness and predictive accuracy. The
workflow is structured into five core stages, each of which is vital in enabling
accurate and interpretable damage assessments.

Fig. 1: Schematic functionality of the PyMLDA software, illustrating each step
of the proposed methodology.

– Step 1 – Data Acquisition: Dynamic response signals are collected from
the CFRP structure using embedded sensors, forming the basis for subse-
quent analyses.

– Step 2 – Pre-processing: The acquired signals undergo spectral analysis,
where sensor outputs are validated, and relevant components are selected.
Further methodological details are presented in Section 3.

– *1Step 3 – Feature Selection and Normalization: Key statistical de-
scriptors, such as root mean square (RMS), amplitude range, and peak val-
ues, are extracted to reduce dimensionality while preserving critical infor-
mation. Subsequently, normalisation is applied to ensure all features are on

1 The asterisk (*) indicates a novelty introduced in this work.
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comparable scales, which is crucial for enhancing model convergence and
performance.

– Step 4 – Classification Model: The dataset is split into 75% for train-
ing/validation and 25% for testing. Three supervised multiclass classifiers
Support Vector Machine (SVM), k-Nearest Neighbors (KNN), and Decision
Tree (DT)—are trained using the Scikit-learn library.

– Step 5 – Model Evaluation: The trained models are evaluated on the test
dataset. Performance is assessed using standard metrics such as Accuracy,
Precision, Recall, and F1-Score. Additionally, a confusion matrix is anal-
ysed, and a five-fold cross-validation scheme is implemented to ensure model
generalisation and mitigate overfitting.

3 Benchmark Description: CarbON-epoxy CompositE
PlacaTe47 Dataset

The dataset used in this study is publicly available through the GitHub reposi-
tory *CONCEPT: CarbON-epoxy CompositE PlacaTe47* [19]. The experimen-
tal setup consists of a CFRP polymer plate positioned under free-free boundary
conditions to minimise operational variability, as shown in Figure 2a. The plate
measures 500 × 500 × 2 mm and comprises 10 layers of unidirectional woven
fibres aligned along its edges. To monitor the plate’s behaviour, four SMART
layers of PbZrTi (PZT) with a diameter of 6.35 mm and 0.25 mm in thickness
are affixed using epoxy resin, with PZT 1 serving as an actuator and the others
(PZT 2, PZT 3, and PZT 4) as sensors to acquire the output signal by using a
sampling frequency of 5MHz. An excitation signal comprising a 5-cycle sine wave
with a 35v amplitude and a 250 kHz frequency is employed, recorded within a
100 µs window utilising suitable acquisition equipment. Industrial adhesive putty
is applied to the plate’s surface to simulate damage. This additional localised
mass simulates local changes in the plate’s damping, similar to delamination in
composite structures. Data acquisition is conducted across varied controlled tem-
peratures (0°C, 10°C, 30°C, and 60°C) employing a Thermotron-manufactured
therma chamber. The dataset is statistically characterised through 100 repeated
measurements for each temperature setting.

Figure 2b shows PZT2 sensor data (time-domain responses at 0-60°C) illus-
trating the combined influence of simulated damage and temperature on Lamb
wave propagation in a carbon-epoxy plate. Proximity to damage makes PZT2
highly sensitive, showing increased signal attenuation with added mass due to
localised damping. Temperature variations also cause propagation delays, espe-
cially at lower temperatures, complicating damage identification due to this mul-
tiphysics interaction. Consequently, subsequent analysis focuses solely on PZT2
signals.
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(a) (b)

Fig. 2: Experimental setup: (a) data acquisition strategy; (b) results for progres-
sive damaged conditions from 20 mm to 80 mm at each temperature(0°C, 10°C,
30°C, and 60°C)

3.1 Features extraction and normalisation

As part of the proposed modelling framework, time-domain features are ex-
tracted to improve the accuracy of classification tasks. To this end, three signal
processing techniques are employed to derive informative descriptors from the
raw time-domain signal x(t), as outlined in [20]:

– Maximum value: max[x(t)]
– Amplitude range: max[x(t)]−min[x(t)]

– Root Mean Square (RMS):
√

1
N

∑N
k=1 x(t)

2
k

These statistical features are selected to reduce the dataset’s dimensionality
while preserving key signal characteristics representative of the structural dy-
namics under varying operational and environmental conditions. All numerical
variables are normalised to enhance feature comparability further and promote
stability during model training. Specifically, each feature column is scaled ac-
cording to:

xnorm,i =
xi

max(xi)
(1)

where xi denotes the original feature values, max(xi) is the maximum value
within the respective feature column, and xnorm,i is the resulting normalised
value. This normalisation procedure maps each feature to the interval [0, 1],
ensuring consistent magnitudes across variables and facilitating the convergence
of machine learning algorithms.
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The effectiveness of the extracted and normalised features is illustrated in
Fig. 3, which presents the maximum value (left), amplitude range (centre), and
RMS (right) de criptors. The top row displays the variation of each feature across
the sample indices, while the bottom row depicts their sensitivity to tempera-
ture changes. Damage levels—simulated by the progressive addition of mass (in
mm)—are represented by distinct markers: ◦ = 0 mm (undamaged), △ = 20
mm, = 30mm, ⋄ = 40 mm, × = 50 mm, + = 60 mm, ∗ = 70 mm, •
= 80 mm.

These visual encodings enable the intuitive identification of damage progres-
sion across varying thermal scenarios. A consistent trend is observed across all
features: Normalised values approaching unity (i.e., xnorm,i ≥ 0.90) are strongly
associated with undamaged structural states. These high-magnitude values are
particularly evident at lower temperatures, suggesting that structurally sound
systems retain stable signal responses despite moderate environmental variation.

Fig. 3: Normalised time-domain features from the signal x(t): maximum value
(left), amplitude range (centre), and RM (right). The top row shows feature
values by sample index; the bottom row shows variation with temperature.

4 Results and discussion

Following data preprocessing, a multiclass classification of 800 samples across 32
classes of undamaged and damaged states was performed. Damage, simulated
by 30-80 unit mass increments, was assessed at 10°C, 30°C, and 60°C, capturing
temporal signal responses under temperature variations. Feature vectors (max,
amplitude, RMS) from time-domain signals trained SVM, KNN, and DT clas-
sifiers. Cross-validation ensured robustness, averaging performance across folds
for unbiased generalisation and overfitting mitigation.
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Figure 4 scatter plots compare PZT2 sensor features (Max, Amp, RMS split
into two signal divisions) across 0- 60°c. Points below the 0.9 damage threshold
dominate at all temperatures, indicating damage. As temperature rises, points
approach the threshold, with one healthy reading at 60°C. This suggests consis-
tent damage detection by the descriptors despite temperature variations, which
influence PZT2 measurements.

Table 1: Performance Metrics of Different Classification Models.

Performance Metric SVM KNN DT

Cross-validation (%) 76.55 99.94 99.61
Accuracy (%) 73.87 100.00 99.75
Precision (%) 65.27 100.00 99.77
Recall (%) 77.26 100.00 99.71
F1-Score (%) 68.94 100.00 99.73

The classification analysis was evaluated using accuracy, precision, recall, F1-
score, and the confusion matrix, providing a comprehensive assessment of each
model’s ability to classify damage states under varying conditions accurately.
Cross-validation reinforced the statistical validity and generalizability for real-
world SHM. Table 1 shows SVM underperformed (73.87% accuracy, 68.94% F1-
score, 76.55% cross-validation), suggesting limited generalisation and sensitivity
(77.26% recall) compared to KNN and DT.

Conversely, KNN achieved perfect classification (100% across metrics), and
DT performed near-perfectly (99.75% accuracy, 99.73% 1-score). These results
highlight the effectiveness of instance-based (KNN) and partitioning-based (DT)
learning for the extracted features, significantly outperforming SVM, likely due
to the dataset’s non-linear separability. KNN and DT are promising approaches
for this application, offering superior accuracy and robustness.

As shown in Table 1, KNN outperformed all other classifiers across every
metric, followed closely by the DT model. While SVM delivered moderately
acceptable results, its comparatively lower precision and F1-score suggest limi-
tations in distinguishing between closely related classes within the dataset.

The confusion matrix for the KNN classifier, shown in Figure 5, visually con-
firms its flawless classification capability across all 32 class combinations of dam-
age levels (0.0 to 80.0) and temperature settings (T10°C to T60°C). The com-
plete diagonal dominance and the absence of off-diagonal elements indicate that
each class was correctly identified without misclassification. This outcome fur-
ther validates the reported 100% performance metrics and confirms the model’s
capacity to discern even subtle variations in structural responses under complex
operational conditions.
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Fig. 4: Feature comparison between temperature conditions using Max, Ampli-
tude, and RMS values.

Fig. 5: Confusion matrix for the KNN classifier across all damage and tempera-
ture classes.
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5 Conclusion

This study proposed a data-driven framework for structural health monitoring
that integrates time-domain feature extraction, normalisation, and supervised
machine learning techniques to identify damage in composite structures under
varying temperature conditions.

A multiclass classification task involving 800 labelled samples spanning healthy
and damaged scenarios across three temperature settings was performed using
SVM, KNN, and DT classifiers. Evaluation metrics revealed that KNN achieved
perfect classification performance, while DT followed closely with near-perfect
accuracy and an F1 Score. In contrast, SVM exhibited limited generalisation
capability, likely due to the dataset’s non-linear separability.

Overall, the results confirm the relevance of the selected time-domain features
and validate the effectiveness of instance-based (KNN) and partition-based (DT)
learning models in distinguishing damage states under temperature variability.
These findings support using lightweight, interpretable features with robust clas-
sification algorithms for reliable SHM applications, offering strong potential for
real-world deployment in temperature-sensitive environments.
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