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Abstract  

Accurate and cost-effective detection and localization of structural damage are important goals 

in structural health monitoring (SHM), particularly for lightweight metallic structures that are 

vulnerable to fatigue cracks. Such cracks can reduce the strength and reliability of a structure 

before they are identified through conventional inspection methods. In this study, an finite-

element FEM and machine learning-based approach is proposed for detecting and locating 

cracks in an aluminum beam using a surface-mounted piezoelectric (PZT) actuator and sensor. 

A parametric finite element analysis was carried out using COMSOL Multiphysics, where a 

rectangular crack was progressively moved along the beam from 20 to 180 mm in 5 mm 

increments. The resulting floating electric potential was recorded at the four measurement 

points under transient conditions, producing more than 500 time-series responses. Two 

additional multi-crack configurations were also modeled to examine more complex damage 

scenarios, although these configurations were not included in the machine-learning dataset. 

From each transient response, six features were extracted at each measurement point: root-

mean-square amplitude, peak amplitude, peak-to-peak amplitude, kurtosis, Hilbert-envelope 

arrival time, and dominant frequency. This resulted in a 24-dimensional feature vector for each 

response. A support vector machine (SVM) classifier was then trained to distinguish between 

healthy and cracked beam conditions. Grid search was used to select the most suitable kernel 

from linear and radial basis function (RBF) options. For crack localization, a Gaussian process 

regression (GPR) model with a Matern covariance kernel was trained using only the cracked-

state data. The model achieved a mean absolute error of 25.09 mm and provided 95% prediction 

confidence intervals. Principal component analysis (PCA) was also used to visualize the 

distribution of the cracked-state features. In addition, the trained SVM classifier was applied 

sequentially along a simulated monitoring timeline to demonstrate how the probability of 

damage could evolve over time. However, the results should be interpreted as a proof of 

concept rather than as a validated damage-detection accuracy. In particular, the healthy-state 

data were synthetically generated by augmenting a single cracked-beam simulation instead of 

being obtained from an independent healthy-beam simulation. The study demonstrates the 

potential of combining piezoelectric sensing, FEM simulations, and machine learning for 

structural damage detection and crack localization. 
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1. Introduction 

A. Structural Health Monitoring 

Structural Health Monitoring (SHM) is an important approach for detecting and assessing 

damage in engineering structures. It generally involves the use of permanently installed or 

periodically deployed sensors to identify the presence, location, and extent of structural damage 

before it develops into a serious failure . 

For metallic structures, conventional inspection methods include visual inspection, ultrasonic 

testing, and other non-destructive testing (NDT) techniques. Although these methods are 

widely used, they can be time-consuming and may require the structure or equipment to be 

taken out of service during inspection . In addition, some internal or early-stage defects may 

be difficult to identify through visual inspection alone. These limitations have increased interest 

in sensor-based SHM techniques that can provide continuous or periodic information about the 

structural condition. 

B. Piezoelectric Materials for Structural Health Monitoring 

Piezoelectric materials, particularly lead zirconate titanate (PZT), are widely used in SHM 

because of their ability to convert mechanical and electrical energy into one another . When 

7mechanical stress is applied to a piezoelectric material, it generates an electrical response, 

which is known as the direct piezoelectric effect. Conversely, applying an electric field causes 

mechanical deformation, referred to as the converse piezoelectric effect. 

This reversible electromechanical behavior allows PZT elements to perform both sensing and 

actuation functions. As an actuator, a PZT patch can receive an electrical excitation and 

introduce mechanical vibrations into the host structure. As a sensor, it can detect the resulting 

structural response and convert it into an electrical signal. 

PZT elements are particularly attractive for SHM because they are relatively small, lightweight, 

and can be directly attached to the surface of a structure . Their ability to operate as both 

actuators and sensors makes them useful for detecting changes in structural behaviour caused 

by defects such as cracks . 
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C. Transient Responses and Crack Detection 

When a PZT actuator applies an excitation to a thin structural component such as a beam or 

plate, the resulting mechanical disturbance propagates through the structure. If the structure 

contains a discontinuity, such as a crack, hole, or change in cross-section, the propagating 

response can be altered. A crack can change the local stiffness and affect the propagation of 

the mechanical response through phenomena such as reflection, scattering, or mode 

conversion. As a result, a receiving PZT sensor may record a response that differs from that of 

an undamaged structure. These changes can appear in measurable characteristics such as signal 

amplitude, arrival time, or frequency content. 

In this study, the response is described as the transient electromechanical response of the beam, 

specifically the floating electric potential measured at selected points. Although the excitation 

produces a propagating mechanical response, the present numerical model does not explicitly 

establish a particular guided-wave mode, such as the S0 or A0 Lamb wave modes. Furthermore, 

the excitation waveform used to generate the transient dataset is not sufficiently documented 

to justify assigning the response to a specific guided-wave mode. Therefore, a general 

description of the transient electromechanical response is used throughout this work. 

D. Machine Learning for Structural Health Monitoring 

Machine learning (ML) has increasingly been investigated as a tool for structural health 

monitoring because of its ability to identify patterns in large amounts of sensor data. Different 

ML techniques can be used depending on the monitoring objective. Classification methods can 

determine whether a structure is damaged, while regression methods can estimate parameters 

such as damage location or severity. Dimensionality-reduction techniques can also be used to 

visualize complex feature spaces and identify patterns within the collected data. 

In this study, Support Vector Machine (SVM), Principal Component Analysis (PCA), and 

Gaussian Process Regression (GPR) are used for different purposes. SVM is a supervised 

learning method that determines a decision boundary between different classes. Kernel 

functions, such as the linear and radial basis function (RBF) kernels, can be used to model both 

linear and nonlinear relationships in the data. 

PCA is used as a dimensionality-reduction and visualization technique . It transforms a high-

dimensional feature space into a smaller number of orthogonal components that capture the 
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largest amount of variation in the data. In this work, PCA is used primarily to visualize the 

distribution of the extracted features rather than as a damage classifier. 

GPR provides a probabilistic approach to regression . Unlike methods that provide only a single 

predicted value, GPR produces a predictive distribution, allowing the uncertainty associated 

with the prediction to be estimated. This is particularly useful in SHM, where knowing the 

confidence of a predicted crack location can be as important as the predicted location itself. 

Previous studies have also shown that incorporating physical information into the mean and 

covariance functions of GPR can improve prediction accuracy and extrapolation performance. 

Other studies have explored constrained and structured GPR approaches for crack and defect 

localization, particularly when dealing with sparse measurements and boundary-related effects 

. 
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2. Mathematical Formulation 

 A. Geometry and Coordinate System 

A Cartesian coordinate system (x, y, z) is defined with its origin at one corner of the beam, 

consistent with the COMSOL model geometry. The aluminium beam has a length L=200mm, 

width b=100, and thickness h= 5 mm, corresponding to the x, y, and z directions, respectively. 

A PZT actuator with dimensions 10 × 10 × 0.3 mm is bonded to the top surface of the beam 

at (25,45,5) mm. An identical PZT sensor is positioned at (175,45,5) mm. 

                      

 

                  Figure 1: Beam geometry, piezoelectric actuator and sensor layout,  generated in 

COMSOL Multiphysics. 
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B. Mechanical Governing Equations 

The mechanical behaviour of the aluminium beam is described using the elastodynamic 

equilibrium equation: ∇·σ + f = ρ ü                        1 

Where σ represents the Cauchy stress tensor, f is the applied body force per unit volume, ρ is 

the material density, and  ü represents the acceleration of the displacement field u (x,y,z,t). 

In the present model, no external body force is assumed unless otherwise specified. The 

mechanical excitation is introduced through the appropriate boundary conditions of the model 

rather than through the body-force term. 

Strain-Displacement Relationship 

Since the FEM model assumes small deformations, the strain in the aluminium beam can be 

related to the displacement field using the linear strain-displacement relationship: 

ε = ½ (∇u + (∇u)ᵀ)                               2 

Where ε is the strain tensor, and u is the displacement field. 

This relationship assumes that the deformation of the beam is sufficiently small that nonlinear 

geometric effects can be neglected, which is consistent with the linear elastic formulation used 

in the numerical model. 

C. Crack Representation 

Cracks are directly introduced to the finite element geometry as rectangular slots in the 

aluminum beam with defined length or width, opening, depth, and position. 

Four crack configurations are defined on the provided COMSOL geometry. The first crack 

configuration was used as the parameter for the parametric sweep, while the other three were 

used as fixed geometries and excluded from the machine-learning dataset. 
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Table 1 

Crack Width 

(mm) 

Depth 

(mm) 

Height 

(mm) 

Position (x,y,z) 

Crack 1 62.45 1.93 3 x = 20-180 (swept, 5 mm step), y = 45, 

z = 0 

Crack 2 77 2.09 3 (110,30,0) 

Crack 3 67.5 2.16 3 (90,90,0) 

Crack 4 37.47 2.22 3  (30,10,0) 

For Crack 1, the position is varied along the x-direction from 20 to 180 mm in 5 mm increments, 

allowing the influence of crack location on the beam's electromechanical response to be 

investigated. 

                   

 

Figure 2 : The four confirmed crack configurations and the piezoelectric actuator/sensor layout, 

shown together on the beam geometry 
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3. FEM Simulation and Dataset Generation 

A. FEM Model and Simulation Setup 

The finite-element model was developed in COMSOL Multiphysics to study the response of 

an aluminum beam with surface-bonded piezoelectric elements. The beam was modelled with 

dimensions of 200 × 100 × 5 mm. A piezoelectric actuator and sensor, each measuring 10 × 10 

× 0.3 mm, were placed on the beam surface. The actuator was positioned at 25,45,5 mm, and 

the sensor was positioned at 175,45,5 mm. 

The structural and piezoelectric behaviors were modelled by coupling the Solid Mechanics and 

Electrostatics physics interfaces. An electrical excitation was applied to the actuator, which 

produced a mechanical response in the beam. The response was then captured through the 

floating electric potential obtained at the selected measurement points. 

The beam, piezoelectric elements, and crack geometries were discretized using a finite-element 

mesh. Local refinement was applied around the piezoelectric elements and crack regions to 

represent the structural response more effectively. Frequency-domain and transient studies 

were carried out in COMSOL. The frequency-domain analysis was performed over the 

frequency range of 50–350 Hz, while the transient analysis was used to obtain the time-

dependent response for different crack positions. 

The simulation outputs were exported in CSV format. Each file contained a time column along 

with the corresponding floating electric potential values. The responses obtained at 

measurement Points 14, 16, 22, 24 and so on were used for further signal processing, feature 

extraction, and machine-learning analysis. 
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Figure 3: Finite Element Mesh discretization showing refinement across the structural domain. 

B. Crack Cases and Dataset Generation 

Crack 1 was selected as the main crack configuration for generating the dataset. Its position 

along the ݔ-axis varied from 20 to 180 mm in steps of 5 mm, resulting in different crack 

positions. The dimensions of Crack 1 were kept constant at 62.45 × 1.93 × 3 mm. 

For each crack position, a transient simulation was performed in COMSOL. The floating 

electric potential was recorded at measurement Points 14, 16, 22, 24, and so on and the 

corresponding time-domain signals were exported in CSV format. The transient simulation 

used a time step of 1 × 10−7s. 

The exported CSV dataset consisted of a time column and several response columns 

corresponding to different crack positions and measurement points. The crack position was 

represented in the column headings using the parameter crack_x. For example, a column 

containing crack_x=20 represents the floating-potential response obtained when Crack 1 was 

located at ݔ = 20mm. 
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The dataset was generated through the following process: the crack position was first defined 

in the COMSOL model, followed by the transient simulation and extraction of the floating-

potential responses. This process was repeated for all 33 Crack 1 positions. The exported 

signals were then organized and prepared for feature extraction and machine-learning analysis. 

Crack 2 and Crack 3 were also considered as additional crack configurations. Crack 2 was 

located at ݔ = 110mm and had dimensions of 77 × 2.09 × 3 mm, while Crack 3 was located at ݔ = 90mm and had dimensions of 67.5 × 2.16 × 3 mm. These cases were used as 

supplementary crack configurations and were not included as the primary parametric samples 

for machine-learning model development. 

 

 

Figure 4 : Representation of the extracted physics-guided dataset compiling statistical features 

across varied dynamic damage scenarios. 

4. Signal Processing and Feature Extraction 

Each FEM simulation generated a time-dependent floating electric potential response at 

measurement Points 14, 16, 22, 24 and so on. The simulation results were exported from 

COMSOL in CSV format, with the time values and corresponding potential responses arranged 

in separate columns. These signals were used to study how changes in crack position affected 

the measured response. 

The raw signals were used directly for feature extraction without applying additional filtering 

or normalization. For the synthetically generated healthy-class data, circular time shifting, 

random amplitude scaling, and additive Gaussian noise were applied to the reference signal, as 

explained in Section 3.2. After feature extraction, the resulting features were standardized 

before being supplied to the machine-learning models. 
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Six features were extracted from the signal at each measurement point. Four of these were time-

domain features: peak amplitude, peak-to-peak amplitude, root mean square (RMS), and 

kurtosis. The peak amplitude represents the maximum absolute value of the signal and was 

calculated as: ܣ௣௘௔௞ =  ௜∣                   3ݔ∣ݔܽ݉

The peak-to-peak amplitude was obtained from the difference between the maximum and 

minimum signal values: ܣ௣−௣ = (௜ݔ)ݔܽ݉ −  4      (௜ݔ)݊݅݉

The RMS value was calculated to describe the overall magnitude of the signal: 

ோெௌݔ = √1ே∑ ௜2ே௜=1ݔ              5 

Kurtosis was calculated to describe the distribution and impulsive characteristics of the signal: 

ܭ = 1ಿ∑ (௫೔−௫̂)4೔ಿ=1[ 1ಿ∑ (௫೔−௫̂)2೔ಿ=1 ]2                    6 

where ݔ௜represents the signal value at the ݅-th sample, ܰis the total number of samples, and ̂ݔis 

the mean of the signal. 

Frequency-domain information was obtained using the Fast Fourier Transform (FFT). The 

dominant frequency was identified as the frequency corresponding to the maximum magnitude 

of the Fourier spectrum: 

௣݂௘௔௞ = ௙ݔܽ݉݃ݎܽ ∣ܺ(݂)∣                7 

where ܺ(݂)is the Fourier transform of the signal. 

A Hilbert-transform-based envelope was also calculated to estimate the signal arrival time. The 

envelope was obtained using: ݁(ݐ) =  8                ∣[(ݐ)ݔ]ݐݎܾ݈݁݅ܪ∣

The first time at which the envelope exceeded a threshold equal to 2.5 times its RMS value was 

taken as the time of flight (ToF): ܶܨ݋ = :ݐ}݊݅݉ (ݐ)݁ > 2.5 ×  9                     {[(ݐ)݁]ܵܯܴ

If the envelope did not cross the threshold, the ToF value was assigned as zero. This method 

provided a simple way to estimate the arrival of the main signal response. 
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The features from the four measurement points got combined into a 24 dimensional vector. 

Standardization came before training to keep different scales from affecting the models too 

much . 

The machine learning process had two main tasks which were crack detection and crack 

localization.  

5. Machine-Learning Methodology 

The features from the four measurement points got combined into a 24 dimensional vector. 

Standardization came before training to keep different scales from affecting the models too 

much.  

The machine learning process had two main tasks which were crack detection and crack 

localization.  

For crack detection, a Support Vector Machine (SVM) was used to classify the beam condition 

as either healthy or cracked. Both linear and radial basis function (RBF) kernels were 

considered. The regularization parameter ܥwas selected from the values 0.1, 1, 10, and 100. 

Grid search with three-fold cross-validation was used to identify the best combination of 

parameters. The dataset consisted of 68 samples, including 33 cracked samples and 35 

synthetically generated healthy samples. An 80:20 training and testing split was used, with the 

random seed set to 42. 

Gaussian Process Regression (GPR) was used to estimate the crack location. The model was 

trained using the 33 cracked samples, with the extracted signal features as inputs and the 

longitudinal position of Crack 1 as the target. A Matérn kernel with ߥ = 1.5, combined with a 

constant kernel and a white-noise kernel, was used to account for nonlinear relationships and 

measurement noise. The model parameters were optimized using 50 optimizer restarts, and the 

target values were normalized before training. 

The GPR model produced both a predicted crack position and an associated uncertainty 

estimate. A 95% prediction interval could therefore be calculated from the predicted mean and 

standard deviation. However, the calibration of this interval was not separately validated in the 

present study. The localization task was limited to estimating the ݔ-coordinate of Crack 1. 

Cracks 2 and 3, crack depth, severity, and the ݕ-coordinate were not included in the prediction 

task. 
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To demonstrate the possible use of the classifier in health monitoring, the trained SVM was 

applied to a simulated sequence containing 10 healthy samples followed by 15 cracked 

samples. A damage index was calculated using the probability of the health class: (ݐ)ܫܦ = 1 − ௌܲ௏ெ(ℎ݈݁ܽݐℎ(ݐ)ܺ∣ݕ)          10 

An alarm threshold of ܫܦ = 0.5was used. This demonstration involved repeated application of 

the trained SVM to individual samples and did not include temporal filtering, recursive 

estimation, or a separate sequential-learning model. PCA was used only to visualize the feature 

distribution and was not included in the classification or regression process. 

6. Results and Discussion 

A. FEM and Piezoelectric Response 

The FEM results show the mechanical and electrical response of the aluminium beam with the 

attached PZT patches. The stress, electric potential, and electric field plots confirm that the 

actuator produces a measurable electromechanical response in the beam. 

The frequency-response curve between 50 and 350 Hz shows an increase in the electrical 

response as the frequency increases. However, no clear resonance peak was observed within 

this range. This suggests that the dominant resonance may occur outside the selected frequency 

range. 
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B. Feature Distribution 

        

 

                           Figure 5 : PCA projection of the extracted features for cracked samples. 

The PCA plot shows that most samples are grouped close to one another, while a few samples 

are located farther away from the main cluster. This indicates that the piezoelectric response 

changes for certain crack positions and that the extracted features capture variations in the 

simulated signals. Since the plot includes only cracked samples, it is used to show feature 

variation rather than direct separation between healthy and cracked conditions. 
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C. Crack Localization Results 

         

 

Figure 6 : Actual and predicted crack positions obtained using GPR, with 95% predictive 

intervals. 

The GPR model achieved a mean absolute error of 25.09 mm when estimating the position of 

Crack 1. The predicted values follow the general trend of the actual crack positions, although 

some predictions show noticeable errors. 

The wide confidence intervals for several points indicate that the model is uncertain about some 

of its predictions. Therefore, the results demonstrate the potential of the proposed approach for 

crack localization, but the current accuracy is still limited. A larger dataset and further 

validation would be needed to improve confidence in the predicted positions. 
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D. Dynamic Health-Monitoring Results 

 

 

Figure 7 : Damage-index response during the simulated transition from healthy to cracked 

conditions. 

During the healthy phase, the damage index remains below the alarm threshold of 0.5. Once 

the simulated cracked phase begins, the index increases sharply and remains above the 

threshold, with small variations between successive measurements. 

This result shows that the trained classifier can identify the change from a healthy to a cracked 

condition under the simulated test conditions. However, the result is based on repeated 

predictions from the same SVM model and should be considered a demonstration rather than 

a complete real-time monitoring system. 

E. Parametric and Robustness Analysis 

The main parameter investigated in this study was the longitudinal position of Crack 1. Other 

parameters, such as crack depth, sensor and actuator placement, excitation frequency, number 

of measurement points, and noise level, were not systematically varied. Their effects on model 

performance remain to be investigated in future work. 
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7. Conclusion 

This study explored the use of piezoelectric sensors and machine-learning techniques for crack 

detection and localization in an aluminum beam. The FEM results confirmed that the beam-

PZT system produces measurable electrical responses that change with the presence and 

position of a crack. 

The SVM classifier successfully demonstrated the ability to distinguish between healthy and 

cracked conditions in the simulated monitoring sequence. The GPR model also showed 

potential for estimating the longitudinal position of Crack 1, achieving a mean absolute error 

of 25.09 mm. However, the wide prediction intervals indicate that the localization results still 

involve considerable uncertainty. 

Overall, the results show that combining FEM simulations with machine learning can provide 

a useful approach for structural health monitoring. However, the current study is limited by the 

small simulation dataset and the lack of experimental validation. Future work should focus on 

increasing the dataset size, testing different crack and sensor configurations, evaluating noise 

effects, and validating the models using experimental measurements. 
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