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A B S T R A C T

Ensuring the durability of asphalt pavements is essential for maintaining transportation infrastructure. Structural 
health monitoring (SHM) supports this by enabling early detection of deterioration. Among SHM techniques, 
piezoelectric sensors offer real-time strain measurement capabilities, but accurate calibration is crucial for 
reliable use in applications such as fatigue life monitoring. This study calibrates lead zirconate titanate (PZT) 
sensors for strain measurement in asphalt pavements by employing machine learning (ML) models to convert 
voltage signals into accurate strain data under bending loads. In the experimental phase, PZT sensors were tested 
during four-point bending (4 PB) experiments on Teflon and asphalt beams over a strain range of 15–450 μm/m 
and loading frequencies from 1–35 Hz. Teflon, with homogeneous mechanical properties, was used to establish 
baseline strain–voltage relationships in the elastic regime. The resulting dataset was used to analyse sensor 
behaviour and develop ML-based calibration models. A variety of ML algorithms were evaluated for predictive 
accuracy, robustness, and consistency. Results showed an approximately linear strain–voltage relationship across 
both materials, with nonlinearity at higher frequencies attributed to the capacitive nature of the sensors. 
Ensemble ML models, particularly Extra Trees Regression (R2 = 0.978, RMSE = 24 μm/m) and CatBoost 
Regression (R2 = 0.970, RMSE = 28 μm/m), achieved the highest accuracy, demonstrating controlled-condition 
strain calibration. These findings demonstrate that integrating PZT sensors with ML-based calibration can 
enhance strain measurement reliability in asphalt pavements, providing a foundation for advanced SHM systems 
aimed at improving pavement performance and service life.

1. Introduction

Asphalt is extensively utilised in civil infrastructures because of its 
high durability and favourable mechanical properties. However, despite 
its wide application, it is vulnerable to deterioration over time due to 
repeated traffic loads and environmental factors such as temperature 
changes and moisture [1]. Therefore, structural health monitoring 
(SHM) of asphalt pavements is increasingly important to ensure long- 
term performance and the safety of transportation infrastructure, espe
cially with the growing demands, aging road networks, and significant 
economic implications. The use of distributed piezoelectric sensors is a 
promising SHM method, particularly lead zirconate titanate (PZT) sen
sors, which can convert mechanical strains into electrical signals, 
allowing for the detection of micro-cracks, deformation, and damage 
evolution within the material [2–5]. Piezoelectric sensors are increas
ingly considered a viable alternative to traditional strain gauges, 

especially in dynamic loading environments. Compared to conventional 
resistive gauges, piezoelectric sensors offer several advantages: higher 
sensitivity, a superior signal-to-noise ratio in high-frequency domains, 
and passive operation that eliminates the need for external power and 
reduces system complexity. These features make them particularly 
attractive for applications involving low strain levels and noisy condi
tions [6].

In contrast to conventional resistive strain gauges, which are widely 
used but are inherently sensitive to temperature drift and require an 
external excitation current, piezoelectric sensors operate passively by 
generating an electrical charge in response to mechanical deformation, 
making them particularly suitable for dynamic measurements [6,7]. In 
addition, piezoelectric sensors typically exhibit a wider usable dynamic 
strain range compared to strain gauges [54]. Fibre-optic sensing tech
niques, such as fibre Bragg grating (FBG) sensors, provide high mea
surement accuracy and immunity to electromagnetic interference [52]; 
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however, their high cost, installation complexity, and vulnerability to 
damage during pavement construction limit their large-scale deploy
ment in asphalt layers [8,9]. MEMS-based approaches typically infer 
strain indirectly from acceleration or displacement measurements, 
introducing additional modelling uncertainty associated with numerical 
integration and kinematic assumptions [10,53]. Consequently, PZT 
sensors represent a practical compromise between sensitivity, robust
ness, and applicability for laboratory-validated dynamic strain moni
toring in asphalt pavements.

Recent research has explored the integration of PZT sensors with 
machine learning (ML) models to improve the capabilities of SHM sys
tems [11–15]. ML models can effectively interpret electromechanical 
impedance (EMI) data collected from PZT sensors, enabling automated 
detection, classification, and prediction of damage progression. These 
data-driven approaches allow for the identification of subtle patterns 
and anomalies that may not be easily captured through traditional 
analysis. Moreover, physics-informed ML methods, such as Gaussian 
process regression, have been used to enhance model robustness and 
adaptability under varying environmental and loading conditions [16]. 
Such hybrid systems offer a scalable and efficient framework for real- 
time monitoring, with the potential for predictive maintenance and 
long-term infrastructure resilience. While existing literature has pri
marily focused on using ML models for tasks such as optimising asphalt 
mix designs [17–19] or classifying pavement damage types [20–22], 
limited attention has been given to the application of ML for real-time 
pavement monitoring through sensor data interpretation. Han et al. 
[11] introduced a field-validated deep learning framework for in-situ 
concrete strength monitoring using piezoelectric-based EMI data. To 
overcome the limitations of previous studies that relied on homogeneous 
datasets, they constructed a comprehensive database comprising over 
100 sensors and 28 different mix designs. A novel one-dimensional 
convolutional neural network incorporating a baseline correction 
mechanism was developed, achieving a coefficient of determination (R2) 
of 0.96 and a mean prediction error of 2.68 MPa. The model was suc
cessfully validated on actual highway pavement projects, demonstrating 
strong reliability under real-world conditions. Furthermore, the use of 
transfer learning improved the model’s adaptability to different sensor 
types and mix designs, offering a scalable and generalisable solution for 
SHM using piezoelectric sensors. Wang et al. [12] reviewed recent 
progress in intelligent compaction technologies, highlighting the role of 
smart sensors, particularly PZT sensors, in monitoring asphalt pavement 
conditions. The study emphasised the potential of integrating PZT 
sensing with machine learning to improve real-time assessment of 
compaction quality and structural integrity. The paper identifies several 
key gaps including limited integrating data from multiple sensor types, 
lack of real-world experimental data, underutilisation of advanced ma
chine learning in practical applications, and challenges related to 
operational robustness in real-world conditions.

Despite the potential of piezoelectric sensors, achieving accurate 
calibration for asphalt pavement applications remains a significant 
challenge. The calibration here refers to the process of establishing a 
reliable and accurate relationship between the sensor output (e.g., 
voltage or charge generated by the piezoelectric sensor) and the strain 
quantity being measured. Strain measurement in asphalt pavements 
using PZT sensors is particularly challenging. This is because asphalt 
experiences a broad spectrum of strain values and loading frequencies 
due to traffic and environmental variations [23–25]. Low-strain mea
surement comes with low signal‑to‑noise conditions, and the frequency- 
dependent sensor behaviour which can lead to different voltage outputs 
for identical strain levels, complicating data interpretation. As a result, 
reliable use of piezoelectric sensors in asphalt requires the development 
of experimentally validated, geometry-specific signal–strain relation
ships that account for strain levels, frequency effects, and bonding 
conditions. Therefore, rather than explicitly modelling these complex
ities, this study adopts a data-driven approach where experimentally 
collected sensor data from PZTs attached to asphalt under controlled 

loading conditions and ML techniques are used to learn the relationship 
between sensor output and applied strain across 1–35  Hz. A key chal
lenge lies in evaluating the reliability of ML methods with varying levels 
of complexity to develop computationally efficient and accurate signal 
processing strategies. Specifically, there is a need to convert piezoelec
tric sensor outputs into meaningful strain measurements and to sys
tematically compare multiple ML algorithms to enhance the calibration 
process. Accordingly, this paper aims to investigate the use of different 
ML models to interpret voltage signals from PZT sensors into precise 
strain data in asphalt structures under bending loads. More specifically, 
ML models with different levels of complexities were systematically 
evaluated for their predictive accuracy, robustness, and consistency 
using a range of regression performance metrics, including R2, MAE, 
MSE, and RMSE. Such an approach could enable early detection of dy
namic strain induced events, thereby supporting smarter maintenance 
and longer service life for asphalt pavements. Although fatigue assess
ment is not the focus of this work, the methods developed here provide a 
foundation for future research in that direction. The novelty of this work 
lies in establishing and experimentally validating a systematic calibra
tion framework for PZT-based strain sensing in viscoelastic asphalt 
under bending conditions. The results provide key insight into extending 
piezoelectric strain monitoring from uniaxial, homogeneous systems to 
complex flexural and viscoelastic environments. By integrating cross- 
material validation, attachment strategy assessment, and multi-metric 
benchmarking of different machine learning algorithms, the study de
livers reproducible guidelines for reliable dynamic strain monitoring. It 
highlights the necessity and effectiveness of data-driven calibration 
approaches, evaluates the performance of various ML models, identifies 
limitations in strain-transfer mechanisms (e.g., TEA under flexural 
loading), and quantifies the influence of loading frequency and strain 
amplitude on measurement reliability. Ultimately, these findings offer a 
route towards more accurate, real-time SHM that can inform mainte
nance decisions and improve the durability of road infrastructures.

2. Working principles: piezoelectricity

Piezoelectricity is the property of certain materials to generate an 
electric charge in response to applied mechanical strain, arising from 
their non-centrosymmetric crystal structure, which produces a net 
electric dipole moment upon deformation [26]. In sensor applications, 
including the present study, the direct piezoelectric effect is utilised, 
whereby mechanical strain induces electrical displacement and gener
ates a measurable voltage output [2]. Under linear constitutive as
sumptions, the coupled electromechanical behaviour of a piezoelectric 
material can be expressed as Eq. (1) [26]. 

Dm = εmnEn + dmklTkl (1) 

where D is the electric displacement component, E is the electric field, T 
the mechanical stress tensor, ε the permittivity at constant stress, and 
d the piezoelectric coefficient tensor. The indices m, n, k, l ∈ {1,2,3}
denote Cartesian components, and repeated indices imply summation 
according to the Einstein convention. Since the sensors operate passively 
under open-circuit conditions without an externally applied electric 
field, the electric field contribution εmnEn can be neglected [6]. Under 
this assumption, the electrical displacement is governed primarily by the 
piezoelectric coupling term dmklTkl. Consequently, within the linear 
operating regime, the generated voltage VPZT is directly proportional to 
the applied mechanical stress. Electrically, a piezoelectric element can 
be represented by an equivalent circuit, formalised in [27] as Equation 
(2). 

vPZT(t) =
A
C

e
− t
τ

∫T

0

e
t
τ
dD3

dt
dt (2) 

where A is the electrode area, C the inherent capacitance, R the 
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equivalent resistance of the sensor–measurement system, and τ=RC the 
system time constant. This expression shows that VPZT depends on the 
rate of electrical displacement and the RC dynamics of the system, 
introducing a frequency-dependent nonlinearity in the voltage–strain 
relationship.

Mapping the bending-induced strain field to the corresponding 
electrical displacement is further complicated by the anisotropic and 
layered nature of the system. The substrate, piezoelectric layer, and 
adhesive each have distinct mechanical properties, and strain transfer is 
affected by both geometry and bonding conditions [6]. These coupled 
electromechanical effects make it challenging to obtain an accurate 
analytical solution for VPZT under varying loading conditions. Given 
these complexities, this study adopts a data-driven calibration approach, 
training machine-learning models on experimental strain–voltage data 
to learn the combined mechanical–electrical behaviour without 
requiring an explicit closed-form model.

3. Materials and methods

A series of 4 PB tests were conducted using piezoelectric sensors 
attached to Teflon samples to generate a dataset. This test method was 
chosen because the sample experiences a fairly uniform strain between 
two internal supports that can help for a more accurate comparison. 
These tests were performed under strain-controlled conditions at a 
constant temperature of 20 ◦C (climate chamber) to minimise 
temperature-induced variability in asphalt viscoelastic response and to 
isolate the effects of strain amplitude, loading frequency, and sensor 
behaviour for model training. After acquiring the data, piezoelectric 
sensor outputs were integrated with strain measurements obtained from 
a linear variable differential transformer (LVDT) in the testing machine 
as a reference. The LVDT measures the vertical mid-span deflection of 
the beam, from which the tensile strain at the bottom fibre was calcu
lated using standard four-point bending beam theory based on the 
known specimen geometry and loading configuration. The testing sys
tem is factory-calibrated, and according to manufacturer specifications, 
the LVDT displacement resolution is on the order of micrometres. Based 
on this resolution and the beam dimensions, the corresponding strain 
uncertainty is estimated to be within the typical microstrain range of 
laboratory 4 PB measurements, which is small compared to the strain 
amplitudes investigated in this study. Using this dataset, various well- 
known ML models were trained to establish a predictive relationship 
between piezoelectric sensor output and applied strain. This study 
evaluates a wide range of regression models, including linear models 
(linear, polynomial, Ridge, Lasso, ElasticNet) [28], discriminative-based 
models (SVR) [29], ensemble models (Random Forest, Gradient Boost
ing, CatBoost, Bagging Regression) [30], instance-based model (K- 
nearest neighbour) [31], tree based model (decision tree) [32], and 
neural networks [33,34]. Table 1 provides an overview of all models 
considered, their general category, a brief description of their working 
principles, and relevant references. The final tabular dataset used for ML 
training consisted of approximately 500 samples, generated from 10 
strain levels and 10 loading frequencies with at least five repetitions per 
condition. The dataset was divided into 80% training data and 20% 
testing data. Although the input space is low-dimensional (voltage and 
frequency), a broad set of regression models was considered to bench
mark different modelling families and identify robust candidates for 
strain calibration under varying operating conditions.

These models were selected for their proven effectiveness in 
regression tasks and their complementary modelling capacities. Once 
trained, these models become adaptable to any type of material 
(including anisotropic and heterogeneous) because the relationship 
between strain and voltage amplitude remains constant across different 
material substrates. To validate this adaptability, the trained models 
were tested on asphalt beams at certain strain levels and frequencies. 
Asphalt was not used for initial model training due to its complex me
chanical behaviour as a heterogeneous material, which can be 

unpredictable, leading to sudden failure and potential sensor damage. 
Additionally, asphalt’s variability might not provide a stable dataset for 
effective ML model training. Fig. 1 presents an overview of the experi
mental and analytical framework used in this research as well as offering 
potential future studies.

In this study, trained models were compared based on their predic
tive accuracy and consistency using several widely accepted regression 
performance metrics, including the coefficient of determination (R2), 
mean absolute error (MAE), mean squared error (MSE), and root mean 
squared error (RMSE). Quantile and expectile loss functions were also 
applied to provide a more nuanced evaluation of predictive behaviour, 
especially in cases with non-normal error distributions.

To ensure the robustness and generalisation of the models, k-fold 
cross-validation (k = 5) was employed [46]. The dataset was derived 
from cyclic tests, where each loading condition produced multiple 
consecutive measurements. A randomized k-fold cross-validation (k = 5) 
strategy was employed, meaning that samples from the same test con
dition may appear in both training and validation sets. Due to the 
correlated nature of cyclic data, this can lead to slightly optimistic 
performance estimates. More rigorous validation strategies, such as 
grouped or block-based splitting, may provide a stricter assessment of 
model generalisation and will be considered in future work. This strat
egy partitions the training data into five subsets, iteratively training the 
model on four subsets and validating on the remaining one. This helps 
mitigate overfitting and produces a more reliable estimate of model 
performance across unseen data. The magnitude of any potential per
formance overestimation cannot be quantified from the available data 
and validation framework.

Table 1 
Overview of ML models used in this study.

Category Model Brief Definition Ref

Linear 
(Regularized)

Ridge 
Regression

Estimates regression coefficients 
with L2 regularization, effective 
when predictors are highly 
correlated.

[35]

Lasso 
Regression

Performs variable selection and 
L1 regularization to enhance 
prediction accuracy and 
interpretability.

[36]

Elastic Net Combines L1 and L2 penalties of 
Lasso and Ridge; typically, more 
accurate in reconstruction.

[37]

Polynomial 
Regression

Models the relationship between 
variables as a polynomial 
function of the predictors.

[38]

Discriminative- 
based models

SVR Extends SVM to regression by 
finding the optimal tube around 
the function to minimize 
prediction error.

[39]

Instance-Based KNN Regression Predicts outcome based on 
average of nearest neighbours’ 
outputs in feature space.

[40]

Deep Learning Neural Network 
Regression

Predicts continuous values using 
interconnected layers optimized 
to minimize prediction error.

[41]

Tree-Based Decision Tree 
Regression

Predicts values by recursively 
splitting data based on feature 
thresholds.

[42]

Ensemble models Random Forest 
Regression

Averages predictions from 
multiple decision trees built on 
bootstrap samples.

[42]

​ Extra Trees 
Regression

Builds trees with random feature 
subsets and split thresholds for 
robust, fast regression.

[43]

Bagging 
Regression

Aggregates predictions from 
multiple models trained on 
bootstrap samples to reduce 
variance.

[44]

Gradient 
Boosting 
Regression

Sequentially trains weak learners 
to correct residual errors, 
producing a strong final model.

[45]
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An essential step in developing ML models is the optimisation of 
hyperparameters, settings that influence the model’s learning process 

and structure but are not learned directly from the data. Inappropriate 
hyperparameter choices can significantly reduce a model's performance, 

Fig. 1. The framework of the current study.

Table 2 
Summary of the hyperparameter grids.

Model Hyperparameters (Before Tuning) Optimized Hyperparameters (After Tuning)

Linear 
Regression

No parameter No parameter

Ridge Regression 'alpha': [0, …, 20] 'alpha': 15.56
Lasso Regression 'alpha': [0, …, 20] 'alpha': 8.69
ElasticNet 

Regression
'alpha': [0.01, …, 20], 'l1_ratio': [0.01, …, 20] 'alpha': 0.27 'l1_ratio': 0.11

Polynomial 
Regression

'polynomialfeatures__degree': [1–5] 'polynomialfeatures__degree': 4

SVR 'C': [0.1, 1, …, 10000], 'epsilon': [0.01, 0.1, 0.2, 0.5, 1], 'kernel': ['rbf'], 
'degree': [2–4], 'gamma': [0.1, 1, 2, 5, 10]

'C': 5000 'degree': 2 'epsilon': 0.01 'gamma': 0.1 'kernel': 'rbf'

K-Nearest 
Neighbors

'n_neighbors': [1, …, 200], 'weights': ['uniform', 'distance'], 'algorithm': 
['auto', 'ball_tree', 'kd_tree', 'brute'], 'leaf_size': [1, 3, 5, 7, …, 53], 'p': [1,2]

'algorithm': 'auto' 'leaf_size': 5 'metric': 'chebyshev' 'n_neighbors': 2 'p': 1 'weights': 
'distance'

Random Forest 'n_estimators': [50, …, 2000], 'max_features': ['auto', 'sqrt'], 'max_depth': 
[10, …, 100, None], 'min_samples_split': [2,5,9], 'min_samples_leaf': 
[1,2,4,6], 'bootstrap': [True, False]

'n_estimators': 500 'max_features': 'auto' 'max_depth': None 'min_samples_leaf': 1 
'min_samples_split': 2 'bootstrap': True

Decision Tree 'criterion': ['squared_error', 'friedman_mse', 'mae'], 'splitter': ['best', 
'random'], 'max_depth': [None, 10, …, 500], 'min_samples_split': [2,5,9], 
'min_samples_leaf': [1,2,4,7], 'max_features': ['auto', 'sqrt', 'log2′, None], 
'max_leaf_nodes': [None, 10, 20], 'min_impurity_decrease': [0.0, 0.001, 0.1, 
0.2], 'min_weight_fraction_leaf': [0.0, 0.001, 0.1, 0.2]

’criterion’:’friedman_mse’’max_depth’: 500’max_features’: None’max_leaf_nodes’: 
None’min_impurity_decrease’: 0.2’min_samples_leaf’: 1’min_samples_split’: 
2’min_weight_fraction_leaf’: 0.001’splitter’:’random’

Gradient 
Boosting 
Regression

'n_estimators': [50, …, 500], 'max_depth': [3–5] 'n_estimators': 200 'max_depth': 3

Extra Trees 
Regression

'n_estimators': [48], 'max_depth': [None, 10, 20], 'min_samples_split': 
[2,5,9], 'bootstrap': [True, False], 'warm_start': [True, False]

bootstrap’: False’max_depth’: None’min_samples_split’: 2’n_estimators’: 
100’warm_start’: True

Neural Network 'hidden_layer_sizes': [(10,), (10,10), …], 'alpha': [0.0001, 0.001, 0.01, 0.1, 
1, 2], 'max_iter': [1000]

’alpha’: 1’hidden_layer_sizes’: (10, 10, 10, 10, 10)’max_iter’: 1000

Bagging 
Regression

'n_estimators': [2, …, 200], 'max_samples': [0.5, …, 1.0], 'max_features': 
[0.1, …, 5]

’max_features’: 1.0’max_samples’: 0.94’n_estimators’: 18

CatBoost 
Regressor

'iterations': [2, 4, …, 100], 'learning_rate': [0.01, 0.1, 0.2], 'depth': 
[6,7,9,14], 'l2_leaf_reg': [1,3,5,6,8,9]

’depth’: 6’iterations’: 94’l2_leaf_reg’: 1’learning_rate’: 0.2

A. Ghaderiaram et al.                                                                                                                                                                                                                          Measurement 283 (2026) 122181 

4 



even if the model itself is robust. To address this, the study employed the 
GridSearchCV algorithm [47], a widely used method that performs an 
exhaustive search over a predefined hyperparameter grid. This algo
rithm systematically evaluates all possible combinations of specified 
hyperparameter values using cross-validation. The primary objective of 
this optimisation process was to identify the set of hyperparameters for 
each model that minimised RMSE. To ensure fair and effective com
parison between models, hyperparameter tuning was conducted using a 
grid search strategy with 5-fold cross-validation. Each model was eval
uated across a comprehensive parameter space to capture optimal con
figurations, particularly for nonlinear and ensemble-based models. A 
full summary of the hyperparameter search grids and the corresponding 
best-performing values for each algorithm is provided in Table 2. This 
allows transparent benchmarking and facilitates reproducibility for 
future studies using similar data-driven sensor calibration pipelines.

Although some tree-based models resulted in large or unconstrained 
depths, overfitting was mitigated through 5-fold cross-validation and 
evaluation across validation folds. Ensemble methods such as Extra 
Trees reduce variance by averaging multiple decorrelated trees, which 
improves generalisation. Given the low-dimensional input space 
(voltage and frequency), the effective complexity of the learned rela
tionship remains limited. The consistent performance observed across 
validation folds suggests that the models capture the underlying rela
tionship rather than memorising individual data points.

To further enhance the interpretability of model outputs and ensure 
transparency in predictions, SHAP (SHapley Additive exPlanations) 
analysis was employed [22]. This approach helps quantify the individual 
contributions of input features, such as voltage and frequency, to the 
model’s predicted strain values, thereby supporting more trustworthy 
ML-based calibration strategies.

For this study, an asphalt concrete (AC) slab was manufactured using 

a 16 Bin/Base 35/50 mixture at the Laboratorium Ontwikkeling 
Wegenbouw (Dura Vermeer) in Eemnes, Netherlands. This specific 
mixture contained a minimum of 65% Reclaimed Asphalt Pavement 
(RAP) and was designed with a target binder content of 4.3% by mass, 
utilising a 20 mm penetration grade binder. The asphalt mixture was 
produced at a temperature of 165–170 ◦C to ensure proper binder 
activation and homogeneity. A total of eight asphalt beams were fabri
cated for the 4 PB tests, each measuring 400 × 50 × 50 mm. Addi
tionally, a Teflon sample with the same dimensions was prepared to 
conduct preliminary tests without the risk of damaging the piezoelectric 
sensor. A piezoelectric sensor with a 50 × 30 mm sensing area, sourced 
from a DuraAct patch transducer provided by Physik Instrumente (P- 
876.A12), was selected for strain measurement (Fig. 2(c)). The sensor’s 
technical detail is presented in Table 3. The sensor was securely attached 
to the bottom centre of both the Teflon and asphalt samples using a 
transparent double-sided PET-based adhesive tape with rubber adhesive 
and an approximate thickness of 0.1 mm. The same bonding procedure 

Fig. 2. Illustration of the experimental setup: (a) 4 PB machine with the asphalt sample and attached piezoelectric sensor, alongside the oscilloscope used for voltage 
measurement, (b) schematic representation of clamp positioning and the two sensor attachment configurations and (c) dimensions of the PZT sensor used in 
this study.

Table 3 
Piezoelectric sensors (P-876.A12) properties.

Property Qty Unit

Min. lateral contraction 650 μm/m
Min. bending radius 20 mm
Poisson ratio 0.35 ​
Young’s moduli E1 = E2 63E9 Nm− 2

Young’s modulus 16.4E9 Nm− 2

d31 = d32 − 175E-12 CN− 1

d33 395E-12 CN− 1

Electrical capacitance 90 nF
Piezo ceramic PIC255 ​
Dimensions 61 × 35 × 0.5 mm
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was consistently applied to all specimens to minimise variability in 
strain transfer. The influence of bonding conditions on piezoelectric 
strain transfer has been investigated in our previous work under tensile 
loading conditions [6]; however, a quantitative strain-transfer analysis 
of the adhesive layer was beyond the scope of the present study. The 
sensor was also fastened with duct tape to further enhance stability and 
prevent displacement during testing. Special attention was given to 
ensuring accurate electrode positioning and electrical contact connec
tions to maintain signal integrity. Fig. 2(a) and Fig. 2(b) illustrates the 
test setup and samples with the attached piezoelectric sensors.

Before starting the main tests, a preliminary experiment was carried 
out to figure out the influence of the PZT sensor attachment method on 
its measurement accuracy, to inform future studies. For this purpose, 
two attachment configurations were investigated. In the first configu
ration, the PZT sensor was fully attached to the substrate, ensuring 
complete surface contact. In the second configuration, the sensor was 
only partially (at two ends) attached to the substrate, as illustrated in 
Fig. 2(b). This TEA configuration was included based on previous find
ings in uniaxial strain measurements on steel substrates, where TEA 
demonstrated a key advantage over FA configurations: it made the 
sensor's response less sensitive to the substrate’s Poisson ratio [6]. By 
reducing the influence of transverse strain components, TEA enables a 
more direct and consistent relationship between axial strain and sensor 

output. Extending this concept to bending scenarios, the current study 
aimed to explore whether similar benefits could be observed when 
applying TEA to piezoelectric sensors under flexural loading conditions. 
Comparing both configurations provides insight into the robustness and 
generalisability of the TEA approach for dynamic strain sensing in 
different materials. The TEA configuration was included to evaluate 
whether attachment strategies previously shown to reduce transverse 
strain sensitivity under uniaxial loading could be transferred to bending 
conditions, rather than as a representation of in-service pavement stress 
states.

Following this, a series of 4 PB experiments were conducted to assess 
the sensor’s performance. These trials spanned a frequency range of 
1–35 Hz and strain levels of 15–450 μm/m, selected to cover a broad 
range of dynamic laboratory conditions relevant to asphalt pavement 
response reported in previous pavement fatigue and strain-monitoring 
studies [48,49]. The 4 PB setup included loading clamps designed to 
allow both upward and downward movement, as schematically illus
trated in Fig. 2(b). The setup was equipped with a LVDT positioned at 
the midpoint to measure deformation. The measured deformation was 
then converted into strain, serving as a reference for model training. 
Asphalt mixtures may exhibit bimodular behaviour, with different 
stiffness in tension and compression, leading to asymmetric mechanical 
responses under four-point bending. Previous studies have shown that 

Fig. 3. The PZT sensor output peak-to-peak voltage as a function of strain in a range of different frequencies for two different attachment configurations, (a) TEA and 
(b) FA.
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such bimodular effects can influence strain interpretation and modulus 
estimation in both indirect tensile and four-point bending tests, partic
ularly under cyclic loading conditions. In the present study, the strain 
derived from mid-span deflection is therefore treated as an effective 
global reference rather than an exact bottom-surface tensile strain. The 
machine-learning-based calibration does not rely on an explicit analyt
ical strain–deflection relationship; instead, it learns an empirical map
ping between the PZT sensor output and the bending-induced response, 
implicitly accounting for potential bimodular effects [50,51]. As shown 
in Fig. 2(a) a digital oscilloscope was utilized to capture the PZT sensor’s 
output.

After hyperparameter tuning and model training, the selected algo
rithms were evaluated on the test dataset using performance metrics. 
The following section presents the comparative results and their impli
cations for piezoelectric sensor calibration under dynamic loading.

4. Results and Discussions

Fig. 3(a) and (b) present the primary test results evaluating the 
impact of different sensor attachment methods. In the case of the TEA 
method, as shown in Fig. 3(a), the PZT sensor failed to generate a sig
nificant voltage response, suggesting poor signal transmission and 
inadequate mechanical coupling, but the measurement error is also 
considerably high. In contrast, the FA configuration exhibits more reli
able behaviour, characterised by lower variability and an approximately 
linear relationship between output voltage and strain, as depicted in 
Fig. 3(b). This linear response aligns with the fundamental piezoelectric 
governing equation (Equation (1), which predicts a proportional rela
tionship between mechanical stress and electrical displacement. How
ever, it is worth noting that the degree of linearity diminishes with 
increasing frequency due to rate-dependent effects. One likely reason for 
the poor performance of the TEA configuration is the presence of a gap 
between the sensor and the substrate (Fig. 2(b)), which prevents the 

Fig. 4. Piezoelectric sensor output voltage (a) for loading frequency 25 Hz and 30 Hz, (b) peak-to-peak voltage responses for different strain levels at various 
frequencies, (c) peak-to-peak voltage responses for different frequencies at various strain levels.
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sensor from accurately following the substrate's bending and applied 
strain. Based on these findings, the FA configuration demonstrated su
perior performance and was therefore selected for all subsequent 
experiments.

Although the TEA configuration does not reflect the multi-axial stress 
state of asphalt pavements, its poor performance under bending pro
vides useful evidence that partial attachment is unsuitable for reliable 
strain calibration in flexural SHM applications. This negative result 
helps prevent inappropriate transfer of TEA-based attachment strategies 
to bending scenarios and reinforces the necessity of fully attached con
figurations for asphalt pavement strain monitoring. The comparison 
between TEA and FA configurations was intended to evaluate the 
transferability of attachment strategies across different loading condi
tions. The results indicate that configurations effective under uniaxial 
loading may not be suitable for bending, highlighting the need for 
bending-specific attachment designs. Optimised partially attached con
figurations (e.g., segmented bonding) may therefore be explored in 
future work.

Fig. 4(a) illustrates examples of the voltage output of the piezo
electric sensor over time during selected 4 PB tests on the Teflon beam, 
under varying strain levels and 25 and 30 Hz loading frequencies. The 
figure highlights representative trends across low, medium, and high 
strain and high frequency conditions.

The waveforms confirm that the piezoelectric sensor reliably re
sponds to the applied mechanical excitation by generating voltage that 
closely follow the cyclic strain input. However, certain deviations from 
ideal sinusoidal behaviour, particularly noticeable in low-amplitude 
signals, are observed as high-frequency perturbations superimposed on 
the main waveform. These fluctuations are likely caused by mechanical 
inconsistencies or transient disturbances in the 4 PB setup, including 
noise introduced by the pneumatic actuator's control system. In order to 
verify that the bending experiments remained within the elastic region, 
stress–strain relationships were obtained for Teflon specimen as shown 
in Fig. 5, for four representative frequencies exhibiting linear stress–
strain behaviour within the applied strain range. This confirms that all 
calibration tests were carried out in the elastic domain, avoiding 
nonlinear or damage-induced effects.

Interestingly, these high-frequency components are more prominent 

in the signals with a lower voltage amplitude, where the signal-to-noise 
ratio (SNR) is inherently low, making the system more sensitive to 
external disturbances. At higher strain levels, where the sensor output 
voltage is larger, these perturbations become less noticeable due to the 
improved SNR, effectively masking the noise contributions. This 
behaviour highlights the importance of considering both sensor output 
magnitude and mechanical system stability in the interpretation and 
calibration of piezoelectric responses.

Fig. 4(b) presents the output voltage of the piezoelectric sensors as a 
function of loading frequency for different applied strain levels. The 
voltages were calculated as the mean of repetitive peak-to-peak mea
surements over more than 50 cycles, with an associated measurement 
error of less than 11%, ensuring a reliable trend observation.

The results reveal a nonlinear relationship between output voltage 
and loading frequency, especially at higher strain levels and frequencies, 
while Fig. 4(c) demonstrates that the relation between output voltage 
and strain level at the same loading frequency is mostly linear. The 
nonlinearity of loading frequency dependency can be attributed to the 
capacitive nature of the piezoelectric sensor, as described by the 
equivalent circuit model outlined in Equation (2). According to the 
equivalent model, the piezoelectric sensor behaves electrically like a 
capacitor, where the generated charge is influenced by the strain input, 
and the output voltage is dependent on the effective impedance of the 
sensor and connected electronics.

Since the measurements are performed in a steady-state regime, the 
observed nonlinearity is not due to transient behaviour, but rather to the 
frequency-dependent impedance of the capacitive element. As the 
excitation frequency increases, the capacitive reactance decreases, 
leading to a reduction in output voltage for a given generated charge, 
knowing that the connected electronic impedance is the oscilloscope’s 
input impedance of 1 MΩ. This explains the voltage attenuation 
observed at higher frequencies, consistent with the sensor’s equivalent 
circuit behaviour predictions.

These findings reinforce the necessity of accounting for both me
chanical and electrical system characteristics when interpreting piezo
electric sensor outputs, particularly in dynamic SHM applications. In 
addition to the complexity arising from multi-layer mechanical behav
iour and non-uniform strain distributions within the substrate and 

Fig. 5. Stress–strain relationships of cyclic 4 PB tests for both Teflon and asphalt specimens.
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adhesive layers, the frequency-dependent electrical response introduces 
further modelling challenges. These complexities reduce the reliability 
of purely analytical solutions. Consequently, ML models offer a powerful 
alternative by learning the intricate interactions between mechanical 
strain, electrical impedance, and sensor output, thereby improving the 
accuracy and robustness of signal interpretation under realistic oper
ating conditions.

To evaluate the predictive capability of the proposed calibration 
framework, a range of ML models were developed and assessed using the 
experimental dataset. Fig. 6(a) and Fig. 6(b) present a unified summary 
of the performance metrics for all models considered. The evaluation 
criteria include RMSE, coefficient of determination R2, MAE, Quantile 
Loss, and Expectile Loss.

From the results shown in Fig. 6(a), Extra Trees Regression, SVR, 
Gradient Boosting Regression, Bagging Regression, Neural Network, and 
CatBoost Regression models demonstrate superior performance, 

achieving high R2 values and low error levels. Among these, the Extra 
Trees Regression model stands out with the lowest RMSE (24.080) and 
the highest R2 (0.978), indicating strong predictive accuracy. Further
more, an analysis of Quantile Loss and Expectile Loss, metrics that offer 
additional insights into model robustness, confirms that Extra Trees 
Regression, CatBoost Regression, and Gradient Boosting Regression 
achieve the best performance (see Fig. 6(b)). These findings suggest the 
potential suitability of ensemble-based models within the adopted lab
oratory validation framework for capturing the complex, nonlinear re
lationships present in the dataset.

To improve the interpretability and trustworthiness of the ML 
models, SHAP analysis was conducted [22]. SHAP values quantify the 
contribution of each feature, voltage and frequency, in this case, to the 
final model prediction. As shown in Fig. 7, the SHAP visualisations 
highlight the relative importance and directional impact of these two 
features across various regression models. A general sensitivity analysis 

Fig. 6. Performance metrics of ML models. (a) RMSE, MAE, and R2 shown with dual axes. (b) Quantile and expectile. loss: expectile loss values are scaled by 10⁻2 for 
visual clarity.
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confirms that voltage is consistently the dominant feature influencing 
model outputs, which aligns with expectations since strain is more 
directly tied to voltage changes in piezoelectric materials. However, 
frequency also plays a non-negligible role, as each frequency range has a 
corresponding voltage-strain behaviour due to the dynamic response of 
the piezoelectric sensors [6]. An additional insight from the SHAP plots 
is the symmetry in voltage's contribution, suggesting a balanced influ
ence, both positive and negative, across predictions. This reflects the 
model’s ability to adjust to varying strain conditions, making voltage not 
only the most important feature but also one that contributes robustly to 
model accuracy. Frequency shows slightly less SHAP variability, but its 
influence becomes more noticeable in models like Gradient Boosting and 
Random Forest, which are capable of capturing interactions and non
linearities in the data. This explainability framework provides valuable 
insight into how the ML models arrive at their predictions, increasing 

confidence in the model’s real-world applicability for SHM.
Fig. 8 illustrates the predicted strain against actual strain plots for 

selected ML models. These visualisations help assess the predictive ac
curacy of the chosen models by comparing their outputs with the actual 
strain values.

The dashed line in each subplot represents the linear trend of the test 
and train data. Among the models evaluated, the CatBoost Regressor 
demonstrates the highest accuracy, with predicted values closely 
aligned with the ideal line and minimal dispersion across both training 
and test datasets. The Extra Trees Regressor also performs well, though it 
shows slightly increased scatter, particularly at lower strain levels, 
indicating a minor tendency toward underfitting in that region. In 
contrast, the Neural Network model captures the general trend but ex
hibits greater variability, especially in test data predictions at low strain 
values, suggesting limited generalisation capability. The Bagging 

Fig. 7. SHAP value for (a) SVR model, (b) Gradient Boosting model, (c) Extra Trees model and (d) Random Forest model.

Fig. 8. Predicted strain vs actual strain for four different ML models.
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Regressor displays moderate accuracy, with increased spread in pre
dictions and potential signs of overfitting. Overall, the CatBoost and 
Extra Trees models show superior predictive reliability, while the Neural 
Network and Bagging models, despite capturing the overall trend, 
demonstrate higher prediction error and variability, particularly when 
applied to unseen data.

Although the proposed models demonstrate high predictive accu
racy, the current framework provides deterministic predictions without 
explicit uncertainty quantification. Increased prediction variability is 
observed at low strain levels, which is attributed to low signal-to-noise 
ratio (SNR) conditions. This indicates that model reliability may 
decrease near the lower detection limits of the sensor. Future work will 
focus on incorporating uncertainty-aware approaches, such as predic
tion intervals, quantile regression, and Bayesian methods, to better 
characterise confidence bounds and define operational limits for reliable 
strain estimation.

In addition, the identification of a minimum reliable strain threshold 
or SNR-based failure boundary beyond the scope of the present study 
and was not experimentally established. Establishing such operational 
limits is important for practical SHM deployment and will be investi
gated in future work.

The observed scatter in asphalt predictions compared to Teflon can 
be attributed to the material heterogeneity and non-uniform strain 
transfer. Asphalt is a heterogeneous composite material, and local var
iations in aggregate distribution, air void content, and binder stiffness 
can lead to non-uniform strain fields at the mesoscale. When a surface- 
mounted PZT sensor is used, the measured response represents an 
effective, spatially averaged strain over the sensor footprint rather than 
a point-wise strain value. As a result, local strain concentrations asso
ciated with aggregates or voids may not be fully captured, introducing 
additional variability in the voltage–strain relationship. This 
heterogeneity-induced variability likely contributes to the increased 
scatter observed in asphalt predictions compared to the homogeneous 
Teflon specimen. Importantly, the use of machine-learning-based cali
bration mitigates this effect by learning an effective mapping between 
sensor output and global bending-induced strain, rather than relying on 
an idealized local strain assumption. This observation aligns with the 
stress–strain validation (Fig. 5), where asphalt showed a steeper, but less 
uniform response compared to the homogeneous Teflon specimen. 
Together, these findings highlight that while calibration models trained 
on Teflon provide transferable accuracy, their performance on asphalt 
can be influenced by local heterogeneity and bonding conditions.

Overall, Extra Trees Regression and CatBoost Regression achieved 
the best performance within the adopted validation framework (R2 >

0.97, RMSE < 30 με) and robustness, making them strong candidates for 
real-time SHM. These models enable accurate strain prediction from 
minimal inputs (voltage, frequency) and can be integrated into 
embedded monitoring systems. However, they were trained on Teflon 
and tested on asphalt in controlled conditions; field deployment may 
require recalibration to account for environmental effects, mixture 
variability.

Asphalt is a temperature-sensitive viscoelastic material, and its 
stiffness and strain response are known to vary with temperature. In this 
study, temperature was intentionally kept constant to focus on sensor 
calibration and machine-learning-based signal–strain mapping under 
controlled dynamic bending conditions. The objective was not to cap
ture temperature-dependent asphalt behaviour, but to establish a robust 
calibration framework for piezoelectric sensors. The proposed data- 
driven approach is readily extensible, as temperature can be incorpo
rated as an additional input variable in future multi-temperature data
sets, enabling application under realistic field conditions.

5. Conclusions and future work

This study focuses on sensor calibration and strain monitoring using 
PZT sensors in an asphalt beam. Key experimental variables, such as 

strain amplitude, loading frequency, and sensor attachment method, 
were varied to generate a comprehensive dataset. Instead of relying on 
traditional physics-based calibration, a data-driven approach was 
adopted: ML techniques with different complexities were applied to 
experimentally collected sensor data to learn the relationship between 
voltage output and applied strain at specific frequencies. In the context 
of this study, reliable strain monitoring refers to the consistent and 
physically interpretable prediction of strain from piezoelectric sensor 
outputs under varying strain amplitudes and loading frequencies. This 
reliability is supported by the experimental evaluation of sensor 
attachment strategies, analysis of signal behaviour across different 
strain levels, and the use of multiple regression performance metrics 
together with model interpretability analysis. 

• The FA method is a more effective attachment method than the TEA. 
The FA approach generated more reliable voltage signals that 
exhibited a clear, nearly linear relationship with the applied strain. 
In contrast, the TEA method was less successful because it resulted in 
poor signal transmission, primarily caused by gaps between the 
sensor and the substrate.

• The results demonstrated that while the piezoelectric sensor reliably 
detects cyclic strains, noise and high-frequency disturbances are 
more pronounced at low strain levels due to system inconsistencies. 
These issues are less significant at higher strains owing to an 
improved signal-to-noise ratio, highlighting the importance of 
considering both sensor output magnitude and system stability in the 
interpretation and calibration of piezoelectric responses.

• Different ML models were used to interpret the sensor data and 
predict strain. Ensemble models like Extra Trees Regression per
formed the best, with high accuracy and low errors. SHAP analysis 
confirmed that voltage was the most important feature influencing 
the predictions, with frequency also playing a significant role. The 
predicted strains closely matched the actual values, especially for 
models like CatBoost Regressor.

• To scale this framework for real-world applications, future work 
should consider the optimisation of sensor layout across pavement 
sections. The performance of distributed piezoelectric sensor net
works could be simulated to determine optimal sensor spacing, 
orientation, and depth, maximising data quality while minimising 
deployment cost. Real-time data collection from sensors installed in 
test tracks or in-service pavements could enable validation under 
realistic environmental and loading conditions. Incorporating addi
tional environmental factors, such as temperature, and applying data 
fusion strategies may further enhance prediction robustness for 
practical applications.

• While this study focuses on laboratory validation, future work will 
address practical field implementation of PZT strain sensors in 
pavements, with particular emphasis on protective housing or 
encapsulation strategies to mitigate mechanical damage during 
construction and traffic loading. The proposed calibration frame
work is independent of the installation method and can be directly 
extended to field conditions once suitable protection solutions are 
established.

• The term “real-time” in this study refers to low-latency inference 
after offline model training. The input feature space is limited 
(voltage and frequency), enabling computationally efficient pre
dictions even for ensemble models such as Extra Trees and CatBoost. 
However, no model compression, pruning, or embedded imple
mentation was performed in this work. Future research will inves
tigate lightweight optimisation techniques, including model 
pruning, quantisation, and deployment on edge devices, to validate 
real-time performance under practical field conditions.
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