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Abstract 8 
Ultrasonic guided waves have been extensively employed for characterising structural damage thanks 9 
to their sensitivity to defects. Although they are easy to excite and acquire, heavy processing is often 10 
required to extract single-valued indicators of damage presence, or damage indices, from the acquired 11 
signals. Traditionally, damage indices have been elaborated through tomographic algorithms to 12 
generate damage probability maps, even though limitations affect the performance of such approach. 13 
Recently, the potentialities of machine learning have been leveraged to improve the accuracy of 14 
frameworks processing guided waves for damage diagnosis. However, most methods still require 15 
extracting damage indices from the acquired signals, which may bring to loss of diagnostic 16 
information and reduced accuracy. Furthermore, damage position and extent are usually roughly 17 
estimated through classification, while regression should be employed instead. In this context, this 18 
work aims (i) to test the capabilities of different supervised machine learning algorithms to localise 19 
and quantify damage through regression and (ii) to carry out a critical discussion about possible 20 
limitations of using damage indices instead of unprocessed signals. Results are compared to identify 21 
which algorithm performs better and if machine learning can improve the accuracy of damage 22 
diagnosis compared to traditional imaging methods. An experimentally validated numerical case 23 
study was used to test the capabilities of the proposed machine learning-based framework and to bring 24 
evidence of the accuracy of the algorithms involved to characterise damage with properties not seen 25 
during training. 26 
Keywords: Damage detection; damage localization; damage quantification; machine learning; 27 
ultrasonic guided wave; SHM. 28 

1 Introduction 29 
Damage may affect structures during their life, eventually decreasing their safety level and increasing 30 
the failure probability of the system. Historically, preventive and/or corrective maintenance strategies 31 
were considered to allow engineering structures to operate in safe conditions. However, such 32 
strategies turned out to be economically inefficient, due to unnecessary shutdowns and replacements 33 
of components. Recently, more advanced maintenance techniques have been developed, such as those 34 
in the condition-based maintenance category. Those policies drive condition-based, or even 35 
predictive, maintenance actions according to diagnostic information retrieved from a network of 36 
sensors permanently installed on the structure. This damage diagnosis practice, which is commonly 37 
known as structural health monitoring (SHM), has been successfully applied in several engineering 38 
fields [1–8]. In particular, focusing on thin-walled structures, which are widely employed in 39 
engineering applications, satisfactory performance is provided by methods processing ultrasonic 40 
guided waves. Such waves are typically excited and sensed by installing a network of piezoelectric 41 
(PZT) devices on the structure [9–15]. Usually, damage diagnosis is performed in two steps. First, 42 
signals are acquired when the structure is not affected by damage. This set of signals is typically 43 
referred to as healthy baseline. Then, current measurements are compared to the healthy baseline to 44 
identify deviations indicating damage [16,17]. Most of the methods based on this strategy leverage 45 
tomographic reconstruction-based diagnostic algorithms to identify and localise damage [18,19]. One 46 
of the most successful approaches of this kind is the reconstruction algorithm for probabilistic 47 
inspection of damage (RAPID) [20]. However, features, or damage indices (DIs), must be extracted 48 



from the acquired signals to drive tomographic algorithms [21–30]. Although DIs provide easily 49 
interpretable single-valued indicators of the structural health state, they include less information than 50 
that carried by unprocessed signals. Besides this loss of information, tomographic reconstruction 51 
equations usually present some limitations: (i) artifacts may be introduced in damage probability 52 
maps due to uneven sensing network density [27,31], (ii) subjective parameters need to be set up, the 53 
variation of which strongly affects the damage diagnosis performance, and (iii) no information about 54 
damage quantification is easily retrievable. To solve the issues mentioned above, machine learning 55 
(ML) has been recently considered. To date, most of the contributions have proposed feed-forward 56 
neural networks (FFNNs) to identify and characterise damage. However, such simple networks 57 
cannot deal with complex and multi-dimensional signals, and DIs still need to be extracted in order 58 
to achieve good performance [32,33]. Moreover, so far, only feed-forward neural networks for 59 
classification have been used to localise damage, despite damage position is a continuous variable 60 
and would be better described through regression [34]. The performance of ML-based damage 61 
diagnosis frameworks has been further improved by leveraging the potentialities of deep learning. 62 
Among deep learning algorithms, convolutional neural networks (CNNs) have been extensively used 63 
to characterise damage, thanks to their capability of dealing with unprocessed multi-dimensional 64 
signals. However, damage position and extent have usually been characterised through classification 65 
networks [35–39]. Although using classification to localise and quantify damage makes the task 66 
easier, prediction accuracy is limited by the resolution used to discretise damage position and extent. 67 
This limitation has been overcome in Ref. [40], where a CNN for regression has been proposed to 68 
localise damage in Aluminium plates. Despite the satisfactory performance, the CNN used in this 69 
framework does not deal with unprocessed acquired signals, but it requires preliminarily extracting 70 
DIs. More complex algorithms, such has model assisted convolutional and recurrent neural networks, 71 
have been proposed in the literature to avoid extracting DIs and simultaneously deal with localisation 72 
and quantification through networks for regression [41]. Given the complexity of the task, the 73 
capabilities of the method have only been demonstrated through a 1D case study. That is, two PZT 74 
devices were installed on a waveguide, and damage position was described by the distance of the 75 
anomaly from one of the PZT devices. No information about the extension of the framework to 2D 76 
structures, such as plates, was reported in Ref. [41]. Moreover, the generalisation capabilities of the 77 
methods proposed so far have not been addressed. That is, the prediction accuracy of damage 78 
positions and extents not seen during training has not been discussed [37,41,42]. 79 
Hence, the research trend in the field of SHM using guided waves seems to be moving towards the 80 
implementation of ML models to improve the performance of damage diagnosis. This trend is mainly 81 
described by the adoption of models to overcome the limitations of traditional methods. That is, new 82 
models need to be developed to allow avoiding the extraction of DIs from acquired signals, and to 83 
perform damage localisation and quantification through regression. Moreover, such data-driven 84 
models should also be used to predict unseen damage characteristics, in order to test the damage 85 
diagnosis performance out of the training domain. In this context, this work has a two-fold aim. First, 86 
this work aims to test the capabilities of different supervised ML algorithms to localise and quantify 87 
damage through regression. Furthermore, results are compared (i) to identify whether ML methods 88 
provide better performance than traditional imaging methods and to find out which ML algorithm 89 
performs better, and (ii) to carry out a critical discussion about possible limitations of using DIs 90 
instead of unprocessed signals. Second, this work aims to present a unified ML-based framework 91 
using guided waves for damage diagnosis. In particular, classification is used to detect damage, and 92 
regression is employed to quantify and localise it. 93 
This paper is organised as follows. The supervised ML methods considered are introduced in Section 94 
2. A case study is carried out in Section 3 to test and compare the performance of those methods, and 95 
to verify their generalisation capabilities on damage with position and extent non seen during training. 96 
Moreover, in Section 3 the performance of the ML methods is compared with that of a traditional 97 



imaging approach. Finally, Section 4 draws out the conclusions from this work and presents possible 98 
further developments. 99 

2 Machine learning approaches for damage diagnosis using guided waves 100 
Traditional ML methods and deep learning approaches were considered in this work to perform 101 
damage diagnosis using guided waves. Specifically, regression trees, FFNNs and CNNs were set up 102 
to localise and quantify damage through regression. Support vector machines and Gaussian processes 103 
were also evaluated, but they were discarder because of the computational cost required for training. 104 
Moreover, a classification CNN was employed to detect damage and drive the subsequent regression 105 
step. No other methods were tested to perform this task, since damage detection is not the main focus 106 
of this work. In fact, identifying the presence of damage is already a consolidated process, and both 107 
traditional ML and non-ML techniques could have been used to perform this task instead. 108 
Regression trees are decision trees used to perform regression. Differently from global models for 109 
regression, such as traditional linear regression, trees allow recursively partitioning the prediction 110 
space into independent smaller regions, each of which can be described through a simple regression 111 
model. This is particularly useful when non-linearities and interaction between independent variables 112 
are present. Terminal nodes, or leaves, of regression trees represent the identified independent 113 
regions, and a simple regression model is attached to each leaf. During training, tree branches are 114 
generated so that inputs corresponding to different regression regions are assigned to different leaves, 115 
and the corresponding output is then predicted according to simple regression models. Such 116 
regression models are tuned during training. The interested reader is referred to Ref. [43] for 117 
additional information. Similarly to regression trees, FFNNs are approximators for complex and 118 
generally non-linear functions y=f(x), where x is the vector of independent variables, or inputs, while 119 
y is the vector of dependent variables, or outputs. FFNNs consist of nodes collected in layers. Nodes 120 
in adjacent layers are fully connected. That is, each node in a layer is connected to all the nodes in 121 
the subsequent layer. The information received by the j-th node is aggregated and elaborated 122 
according to Equation 1 [44]: 123 

zj = g�� �wij⋅zi�
Nj

i=1
+bj� (1) 124 

where zj is j-th node output, g(⋅) a generally non-linear activation function, Nj the number of nodes 125 
passing information to the j-th node, zi the value of the i-th node in the set of Nj nodes, wij the weight 126 
of the connection between the i-th node and the j-th node, while bj is a bias parameter. This message 127 
passing and elaboration process is repeated from the input layer through the output layer, where 128 
predictions are provided. During training, weights wij and biases bj are tuned by minimising the error 129 
between expected and predicted outputs. The interested reader is referred to the vast literature about 130 
the topic for additional information. Finally, CNNs are deep learning architectures typically involved 131 
in classification or regression problems requiring heavy image processing. The architecture of CNNs 132 
is inspired by the visual perception mechanism of living creatures, which was first studied in macaque 133 
and spider monkeys [45], and it was first formalised in the works in Ref. [46,47], in which the authors 134 
developed the LeNet-5 artificial neural network. This type of architecture started growing 135 
exponentially thanks to the improvements in the image classification task shown in Ref. [48], that 136 
presented the successful AlexNet network. All the CNNs presented in the literature so far share the 137 
same basic components, i.e., convolutional, pooling and fully connected layers Ref. [49]. 138 
Convolutional layers aim to extract features from the input data through convolutional kernels, which 139 
allow computing different feature maps. Inside feature maps, the value of each neuron comes from 140 
mathematical operations performed on the neuron’s receptive field, which represents a set of 141 
neighbouring neurons in the previous layer. Such mathematical operations involve, in sequence, the 142 
convolution with a convolutional kernel and the application of a non-linear activating function. 143 
Pooling layers are typically introduced between two consecutive convolutional layers and allow 144 



achieving the shift-invariance property. Max pooling is considered in this work, i.e., pooling layers 145 
extract the largest value in each patch of feature maps [50]. Fully connected layers have already been 146 
introduced above for FFNNs, and elaborate the information through Equation 1. In CNNs, these 147 
layers are stacked after the sequence of convolutional and pooling layers, with the aim of performing 148 
reasoning-like procedures [51]. The last layer of a CNN can be a classification layer or a regression 149 
layer. A regression layer is a normal fully connected layer with one node per desired output. Instead, 150 
a classification layer is a layer with one node per predictable class and usually involves the softmax 151 
operator, which allows attributing to each class the probability that the input to the network belongs 152 
to that class [52]. During training, CNN parameters, i.e., weights and biases, are optimised by 153 
minimising an appropriately defined loss function. 154 
The ML methods described above were used to process ultrasonic guided waves. Such waves are 155 
elastic waves propagating in solid media, and interact with discontinuities generating reflection and 156 
refraction phenomena [53]. Specifically, Lamb Waves (LWs) were considered in this work. LWs are 157 
plane strain waves propagating in free plate-like structures described by long-range propagation and 158 
high-sensitivity to damage properties [54]. According to the classical theory of elasticity, particles 159 
displacement in a structure made of isotropic material is given by Equation 2 [55]: 160 

μui,jj+(λ+μ)uj,ji+ρfi=ρüi (2) 161 

where 𝜇𝜇 is the shear modulus, 𝑢𝑢𝑖𝑖 the displacement in the 𝑥𝑥𝑖𝑖 direction, 𝜆𝜆 the Lamé constant, 𝜌𝜌 the mass 162 
density and 𝑓𝑓𝑖𝑖 the body force in the 𝑥𝑥𝑖𝑖 direction. Note that Equation 2 is written according to the 163 
Einstein’s summation convention, ()̈ is a shorthand for 𝜕𝜕

2()
𝜕𝜕𝑡𝑡2

, and (),𝑖𝑖𝑖𝑖 stands for 𝜕𝜕2()
𝜕𝜕𝑥𝑥𝑖𝑖𝜕𝜕𝑥𝑥𝑗𝑗

. Considering a 164 

free plate, i.e., a plate with traction-free upper and lower surfaces, under the hypothesis of plane strain 165 
the exact solution to Equation 2 can be computed, which describes LWs governing equations. 166 
According to the wave motion in the thickness direction, two vibration modes exist, i.e., symmetric 167 
(S) and anti-symmetric (A) modes, which are shown in Figure 1 and described by the Rayleigh-Lamb 168 
frequency relations (or dispersion equations) reported in Equation 3 ([14,56]). 169 

 170 
Figure 1. Symmetric and anti-symmetric Lamb modes. 171 

S modes:   
tan(qh)
tan(ph) =-

4k2pq
(q2-k2)2

A modes:   
tan(qh)
tan(ph) =-

(q2-k2)2

4k2pq

(3) 172 

where ℎ is the half-thickness of the plate, 𝜔𝜔 is the circular frequency and 𝑐𝑐𝐿𝐿, 𝑐𝑐𝑇𝑇 and 𝑐𝑐𝑃𝑃 represent the 173 
longitudinal, transverse and phase wave velocity, respectively. Moreover, 𝑝𝑝2, 𝑞𝑞2 and the angular 174 
wavenumber 𝑘𝑘 are variables related to the circular frequency and to the wave velocities, as reported 175 
in Equation 3 ([14,56]). 176 

p2=
ω2

cL
2 -k2,   q2=

ω2

cT
2 -k2,   k=

ω
cP

(3) 177 



The Rayleigh-Lamb frequency relations are commonly used to determine the velocity of LWs 178 
propagating in plate-like structures of thickness 2ℎ at a specific wavenumber 𝑘𝑘. An infinite number 179 
of complex 𝑘𝑘 values exists that satisfy these equations for any given frequency 𝜔𝜔, but only a finite 180 
set of these values are physical and experimentally observable, i.e., the pure real angular wavenumber 181 
values, which represent undamped propagating LWs [53]. Hence, possible Lamb modes can be 182 
determined solving the Rayleigh-Lamb frequency relations for those modes related to real 𝑘𝑘 values 183 
only, e.g., A0, S0, A1, S1, A2. Normally, the basic symmetric and anti-symmetric modes, i.e., S0 and 184 
A0, are employed to perform damage diagnosis. The former is sensitive to damage anywhere in the 185 
plate thickness and can travel longer distances than the latter, which is only sensitive to surface 186 
damage, but can detect smaller anomalies and normally shows wider transverse oscillations than the 187 
S0 mode [14]. As guided waves encounter damage, refraction and reflection phenomena occur, and 188 
mode conversion may take place. These phenomena introduce differences in the time and in the 189 
frequency domain between LWs sensed in a healthy structure and those acquired in presence of 190 
damage. In the interest of brevity, no additional information about LWs is reported here. The 191 
interested reader is referred to the work in Ref. [18] for further details. 192 
The framework considered in this work to test the diagnostic performance of the ML methods 193 
presented above is shown in Figure 2. It is composed of three main steps, namely the Acquisition 194 
step, the Data preparation step and the Damage diagnosis step.  195 

 196 
Figure 2. Diagram of the framework considered in this work. 197 

Within the Acquisition step, a network of PZT sensors permanently installed on the structure was 198 
employed to excite and sense LWs. Identifying with n the number of sensors, n acquisitions per 199 
analysis were performed, each of which consisting of the excitation from one PZT device, while the 200 
remaining n-1 PZTs worked as sensors. Hence, 𝑛𝑛 ⋅ (𝑛𝑛 − 1) signals were gathered during each 201 



analysis. Indicating with 𝑓𝑓𝑠𝑠 the sampling frequency and with 𝑡𝑡𝑎𝑎 the time duration of the single 202 
acquisition, each signal is then composed of 𝑛𝑛𝑠𝑠 = 𝑓𝑓𝑠𝑠 ⋅ 𝑡𝑡𝑎𝑎 samples. 203 
Within the Data preparation step, two different databases were generated: (i) the database including 204 
DIs and (ii) that of grayscale images (GSIs). DIs were computed by comparing acquired signals with 205 
the healthy baseline. Specifically, a DI was assigned to each signal within each analysis, thus 206 
generating a database where each analysis was described through 𝑛𝑛 ⋅ (𝑛𝑛 − 1) single-valued DIs. 207 
Instead, GSIs were generated by collecting all the signals retrieved during the analysis, without any 208 
prior feature extraction process. Each GSI was represented through a matrix with 𝑛𝑛 − 1 rows, i.e., 209 
one row per sensor, and 𝑛𝑛 columns, i.e., one column per actuator, where the element in position (𝑖𝑖, 𝑗𝑗) 210 
was the signal gathered by actuating from the j-th PZT device and sensing from the i-th sensor and 211 
consisted of 𝑛𝑛𝑠𝑠 values. GSIs were generated according to a global scale, i.e., acquired signals were 212 
mapped to GSIs so that maximum and minimum values among all the GSIs correspond to the 213 
maximum and minimum values among all the acquired signals. This was made to preserve wave 214 
amplitude relationships among acquisitions in different scenarios, so that possible amplitude 215 
modifications due to damage would be captured by the ML algorithms. 216 
Within the Damage diagnosis step, a CNN for classification was used to detect damage. That is, a 217 
GSI was processed by the CNN to identify if damage was present or not in the corresponding analysis. 218 
In case damage was detected, different ML methods for regression were used to localise and quantify 219 
the anomaly. Specifically, regression trees and FFNNs were employed to process DIs, while CNNs 220 
were used to characterise damage through GSIs. Note that only damage localisation and 221 
quantification were performed, while the identification of damage type (e.g., delamination, hole, 222 
crack) was not subject matter of this work. Damage type classification could be classified through 223 
already consolidated methods, such as that presented in Ref. [57]. 224 

3 Case study 225 
The framework presented in Section 2 was employed to test and compare the performance of different 226 
ML methods in diagnosing structural damage. The case study was carried out considering a 2mm 227 
thick rectangular aluminium plate with Young’s modulus 𝐸𝐸 = 74GPa, density 𝜌𝜌 = 2600kg/m3 and 228 
Poisson’s ratio 𝜈𝜈 = 0.33. The plate had size 350mm 𝑥𝑥 250mm in the xy plane, as shown in Figure 229 
3. Six PZT SONOX-P5 transducers with 8mm diameter and 0.5mm thickness  were installed on the 230 
plate to form a rectangular-shaped network of sensors. Damage was simulated by introducing a crack 231 
aligned with the x axis. The crack was introduced through saw cut and its length was gradually varied 232 
from 5mm to 70mm. A waveform generator TTi-TGA1242 and a DELL 2.8GHz computer were used 233 
to drive the PZT devices. Signals from PZT sensors were acquired through a LeCroy-LT264DSO 234 
oscilloscope with sampling frequency 500 Msamples/s [32]. Signals were acquired at each crack 235 
length using the pitch-catch technique. That is, one PZT at a time was driven through the waveform 236 
generator, while the remaining PZT devices were used to sense LWs. LWs were averaged over 15 237 
consecutive excitations of the same actuator. No additional information about the experimental 238 
database are reported here, since no experimental test was conducted for this work. The interested 239 
reader is referred to Ref. [32] for a detailed description of the experimental setup and procedure. 240 
Experimental data was used in Ref. [32] to validate numerical simulations. In this work, the 241 
experimentally validated numerical simulations of A0 mode LWs presented in the work in Ref. [32] 242 
were reproduced through Abaqus. The plate was modelled using 4-node doubly curved general-243 
purpose shell elements with 5 thickness integration points. Mesh size was set to 0.67mm. A linear 244 
elastic material model was employed, using the parameters reported above. The Abaqus dynamic 245 
explicit solver was used, with maximum time increment 0.1µs. The case study was kept fully 246 
numerical so to generate a coherent large database with enough samples to train the ML models. 247 
Furthermore, the experimental dataset was generated only considering one crack position, and it could 248 
not have been used to train regression methods to localise damage. 249 



 250 
Figure 3. Plate considered in the case study. (a) plate geometry and sensors – (b) experimental 251 

setup (reprint from Ref. [32]). 252 

3.1 Numerical simulations 253 
Numerical simulations with no damage were performed to acquire the healthy baseline. Instead, 254 
damage scenarios were simulated by introducing a crack at a time in the plate. Damage was modelled 255 
by assigning the properties of air to the crack. The 43 crack positions shown in Figure 4 were 256 
considered, along with 12 equally spaced crack lengths in the range [5mm, 60mm], with step 5mm. 257 
PZT actuators were driven with a 150kHz 5-cycle toneburst modulated with Hann window. Signals 258 
were sensed with a sampling frequency 𝑓𝑓𝑠𝑠 = 20MHz over a time window of 𝑡𝑡𝑎𝑎 = 150μs. Further 259 
details about the database are reported in Table 1. 260 

 261 
Figure 4. Damage positions. 262 

 263 

 Healthy baseline Damage scenarios 

Excited mode A0 
Sensed signal Out-of-plane displacement at sensors 

Number of analyses 1 516 (one per crack) 
Number of crack lengths ~ 12 

Number of crack positions ~ 43 

Table 1. Details about the database. 264 

3.2 Data preparation 265 
Acquired signals were corrupted with noise to increase the dataset size and improve training 266 
performance. Specifically, 100 different replicas of each LW acquired with damage were generated 267 



by adding artificial noise. Noise was sampled from a Gaussian distribution 𝑁𝑁(0,𝜎𝜎𝑁𝑁) with 𝜎𝜎𝑁𝑁 = 2.1 ⋅268 
10−3 [normalised units], so that a signal-to-noise ratio (SNR) of 20db was achieved [38,58]. 269 
Following the same procedure, the healthy baseline was also corrupted with noise to produce 51,600 270 
replicas of the LWs sampled without damage. This was made to have balanced sets to train the 271 
classification CNN with. Finally, signals were normalised with respect to the global maximum and 272 
minimum, i.e., considering the maximum and the minimum amplitudes over the whole database. 273 
Figure 5 compares a sampled signal with one of its noisy replicas. 274 

 275 
Figure 5. Comparison of sampled signal and one of its noisy replicas. 276 

After introducing noise, three different datasets were generated from the acquired signals. That is, (i) 277 
signals acquired with damage were further processed to create a dataset of DIs, (ii) all unprocessed 278 
signals were collected in GSIs and GSIs were labelled to distinguish between damaged and 279 
undamaged scenarios, and (iii) unprocessed signals acquired in presence of damage were collected in 280 
GSIs, which were labelled according to the position and extent of damage. Specifically, DIs were 281 
computed using the Pearson correlation coefficient [17]. That is, within each analysis, each actuator-282 
sensor pair was given a score based on Equation 4 [17]: 283 

DI=1-
cov(h,d)
σhσd

(4) 284 

where h and d indicate corresponding signals acquired with and without damage, respectively, cov(⋅) 285 
is the covariance operator and σ the standard deviation. The higher the DI, the more relevant the 286 
difference between the signal acquired without damage and that sensed in presence of the crack. 287 
Hence, since each analysis consisted of 30 signals, i.e., 5 acquired signals per actuation, each analysis 288 
was described by a feature vector of 30 DIs. Instead, GSIs were generated by following the procedure 289 
already described in Section 2. An example of GSI is shown in Figure 6, where a grid is superimposed 290 
on the image to identify the signals pertaining to each actuator-sensor pair. The signal corresponding 291 
to each actuator-sensor pair is composed of 𝑛𝑛𝑠𝑠 = 3000 samples, which leads to an overall size of 292 
18000 columns and 5 rows per GSI. In this study, during each acquisition sensors were numbered in 293 
clockwise order starting from the PZT actuator. This is shown in Figure 7, where actuators are 294 
highlighted in black, while sensors are represented by green circles 295 



 296 
Figure 6. Example of GSI. 297 

 298 

 299 
Figure 7. Sensors numbering in each acquisition. Actuators are coloured in black, sensors in green 300 

and LWs are represented through concentric red circles. 301 

Datasets were split into three groups, i.e., training, validation and test sets, with a percentage of 70%, 302 
28% and 2%, respectively. However, while training regression methods, crack positions number 2 303 
and 12 (Figure 4) and cracks with length 𝑙𝑙 = 25mm and 𝑙𝑙 = 45mm were left out of the training and 304 
validation sets. This choice was made to allow testing the generalisation capabilities of the ML 305 
methods on never-seen-before damage positions and extents. 306 
 307 
3.3 ML algorithms setup 308 
Regression trees and FFNNs were optimised through the optimisation module of the regression 309 
learner matlab toolbox. Default optimisation parameters were adopted. That is, the architecture of 310 
regression trees and FFNNs was determined through Bayesian optimisation, using the expected 311 
improvement per second plus acquisition function and 30 iterations. The only regression trees 312 
hyperparameter selected for optimisation was minimum leaf size, which was searched in the range 313 
[1, max(2,floor(no/2))], where no is the number of observations. Instead, the number and dimension 314 
of fully connected layers, the activation function and the regularisation strength were optimised for 315 
FFNNs. Particularly, the number of fully connected layers was searched in the range [1, 3], their 316 
dimension in the range [1, 300], the activation function was selected among ReLU, tanh and sigmoid, 317 
while regularisation strength was searched in the range [1e-5/no, 1e5/no]. FFNNs were trained using 318 
a limited-memory Broyden-Fletcher-Goldfarb-Shanno quasi-Newton (LBFGS) algorithm [59] by 319 
minimising mean squared error (MSE). Crack centre x coordinate, crack centre y coordinate and crack 320 
length were independently characterised through different decision trees and FFNNs. The optimised 321 
architecture and training performance of regression trees and FFNNs are summarised in Table 2 and 322 



Table 3, respectively. Note that crack centre x and y coordinates were standardised to make training 323 
easier, while crack length was not standardised. Instead, CNNs were set up using the deep learning 324 
API Keras, which is written in Python and runs on top of the ML platform TensorFlow [60,61]. The 325 
architecture of CNNs was selected through trial and error method, without recurring to automatic 326 
optimisation procedures. CNNs were trained resorting to the Adam optimiser. Default parameters 327 
were set to train regression CNNs, i.e., 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 = 1 ⋅ 10−3,𝛽𝛽1 = 0.9,𝛽𝛽2 = 0.999 and 𝜖𝜖 =328 
1 ⋅ 10−7 [62], while non-default values of some parameters were required to improve convergence 329 
during the training of the classification CNN, i.e., 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙 𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 = 5 ⋅ 10−4 and 𝛽𝛽1 = 0.95 [63]. 330 
Regression CNNs were trained by minimising the MSE, while categorical crossentropy was 331 
considered for the classification CNN. Batch size of 50 was selected for training. According to the 332 
architecture described in Table 4, 588,138 parameters were optimised for the classification CNN, 333 
while regression CNNs required to train 587,881 parameters. Not that, as already mentioned above 334 
for regression trees and FFNNs, crack centre x coordinate, crack centre y coordinate and crack length 335 
were independently characterised by three distinct CNNs. 336 
 337 

Parameter 
Dependent variable 

Crack centre x 
coordinate 

Crack centre y 
coordinate 

Crack length 

Minimum leaf size 2 3 1 

MSE (validation) 3.1426e-6 
(standardised) 

1.9527e-5 
(standardised) 

1.2946 

Prediction speed ~1,100,000 obs/s ~1,200,000 obs/s ~1,300,000 
obs/s 

Optimisation time 15.70 s 12.56 s 11.20 s 
Table 2. Architecture of regression trees. 338 

 339 

Parameter 
Dependent variable 

Crack centre 
x coordinate 

Crack centre y 
coordinate 

Crack length 

First layer size 23 100 52 
Second layer size 179 275 299 
Third layer size ~ ~ ~ 

Activation function ReLU ReLU Sigmoid 
Regularisation 

strength 2.5026e-10 2.8101e-10 1.1845e-9 

MSE (validation) 7.9763e-6 
(standardised) 

3.2774e-5 
(standardised) 

1.2119 

Prediction speed ~540,000 
obs/s 

~490,000 obs/s ~430,000 obs/s 

Optimisation time 998.84 s 872.31 s 1272.90 s 
Table 3. Architecture of FFNNs. 340 

 341 

Layer Classification 
CNN 

Regression CNN 

Input Size: 5 x 18000 x 1 

Convolutional Filters: 8 
Kernel Size: 2 x 500 



Stride: 1 x 100 
Activation: ReLU 

Convolutional 

Filters: 16 
Kernel Size: 2 x 4 

Stride: 1 x 2 
Activation: ReLU 

Max pooling Pool size: 2 x 2 
Stride: 1 x 2 

Convolutional 

Filters: 32 
Kernel Size: 2 x 4 

Stride: 1 x 1 
Activation: ReLU 

Max pooling Pool size: 1 x 2 
Stride: 1 x 2 

Fully connected Size: 640 
Activation: Sigmoid 

Fully connected Size: 256 
Activation: Sigmoid 

Fully connected 
Size: 2 

Activation: 
softmax 

Size: 1 
Activation: linear 

Table 4. Architecture of CNNs. 342 

The accuracy and loss function evolution during the training of the classification CNN are shown in 343 
Figure 8. Ten epochs were enough to get satisfactory accuracy and loss function values. Instead, the 344 
training performance of regression CNNs are shown in Figure 9. Sixty epochs were required to 345 
achieve satisfactory training performance for all the three networks. Figure 8 and Figure 9 also bring 346 
evidence that no overfitting occurred during training. Note that output data standardisation was not 347 
required to train CNNs. Average training time for regression CNNs was 602.16 s, and average 348 
prediction speed was around 570,000,000 obs/s. 349 

 350 
Figure 8. Accuracy and Categorical cross entropy loss function of the classification CNN. 351 



 352 
Figure 9. Mean square error loss functions of regression CNNs. 353 

Finally, a sensitivity analysis was performed to identify the influence of the training database size on 354 
the performance of regression CNNs. Here, the number of GSIs describing each damage scenario was 355 
progressively reduced from 100 to 16, with step 14. Note that the performance of the regression ML 356 
methods described above were all achieved using 100 GSIs per scenario. This analysis was only 357 
conducted for CNNs in the interest of brevity. The variation of the final training loss (MSE) value 358 
with respect to the database size is shown in Figure 10 for all the regression CNNs. Results showed 359 
that the database size could be reduced of 70% without significantly decreasing the performance of 360 
the regression CNNs. 361 

 362 
Figure 10. Training MSE vs. training database size for the regression CNNs. 363 

3.4 Results 364 
The performance of the ML methods considered in this work was evaluated by means of indicators 365 
computed over the test splits. Specifically, the performance of the classification CNN was described 366 
by classification accuracy, while boxplots were considered to evaluate the predictions of regression 367 
methods. 368 
The classification CNN was able to detect damage with an accuracy of 99.6%. No additional details 369 
about damage detection through classification are reported here, since this is not a novelty of this 370 



work. The performance of regression methods is shown in Figure 11. Recall that crack positions 371 
number 2 (𝑥𝑥 = 124.5mm, 𝑦𝑦 = 91.5mm) and 12 (𝑥𝑥 = 258.5mm, 𝑦𝑦 = 125.0mm) and cracks with 372 
𝑙𝑙 = 25mm and 𝑙𝑙 = 45mm were left out of the training and validation sets with the purpose of testing 373 
the generalisation capabilities of regression methods on never-seen-before damage positions and 374 
extents. 375 

 376 
Figure 11. Prediction distributions of regression methods. 377 

All the regression methods could satisfactorily predict the crack centre x coordinate. In fact, most of 378 
the predictions lay on the bisector line, while only few outliers (circles in the boxplots) were shifted 379 
towards the closest training positions. The regression tree provided slightly more accurate predictions, 380 
since boxplots were more localised to the expected values. As expected, predictions of cracks at 𝑥𝑥 =381 
124.5mm and 𝑥𝑥 = 258.5mm were characterised by higher dispersion around the expected value. 382 
This was mainly determined by the exclusion of positions number 2 (𝑥𝑥 = 124.5mm) and 12 (𝑥𝑥 =383 
258.5mm) from training splits, which reduced the number of training examples at those x 384 
coordinates. Similarly, predictions of the crack centre y coordinate were satisfactorily accurate. That 385 
is, most of the predictions lay on the bisector line, with a limited number of outliers. Instead, the 386 
regression methods performance in predicting crack length was not comparable. In fact, the regression 387 



CNN performed well, and predictions were mainly localised to the expected lengths, while 388 
considerably higher dispersion characterised the predictions of the regression tree and of the FFNN. 389 
This was particularly evident for crack lengths 𝑙𝑙 = 25mm and 𝑙𝑙 = 45mm, which were left out of 390 
training splits. This last consideration brought evidence that regression trees and FFNNs could not 391 
generalise on never-seen-before damage extents, while CNNs satisfactorily characterised them. This 392 
different is most likely related to the different input data processed by the methods. In fact, regression 393 
trees and FFNNs provide predictions by analysing DIs, while CNNs use GSIs to that purpose. To 394 
sum up, the information lost in condensing time signals into single-valued DIs could prevent ML 395 
methods from learning the relationship between LWs and damage extent, while the localisation 396 
performance was not influenced by pre-processing the acquired signals. 397 
Representative test scenarios were selected to provide an ocular proof of the predicted damage 398 
positions and extents. Specifically, crack positions 1, 2 (never-seen-before damage position), 9 and 399 
17 were selected. Figure 12 shows predictions of cracks with length 𝑙𝑙 = 5mm, Figure 13 refers to 400 
𝑙𝑙 = 25mm (never-seen-before damage size), while cracks with length 𝑙𝑙 = 50mm are shown in 401 
Figure 14. The localization of 5mm-long cracks was generally accurate, even though the crack at 402 
position 2 was characterised with less accuracy by all the methods involved. This was expected, since 403 
that position was left out of training splits. Increasing the excitation frequency may improve the 404 
accuracy of predictions in presence of small damage, since (i) higher frequency modes carry less 405 
compressed damage-related information than lower frequency waves and (ii) LWs interact with 406 
damage with size greater or equal to half their wavelength [9]. More accurate predictions were 407 
provided in case of longer cracks. Specifically, 25mm-long cracks were correctly localised and 408 
quantified by all methods, with CNNs providing the most accurate predictions, even in case of 409 
position 2. Similar results were shown for 50mm-long cracks. CNNs and regression trees provided 410 
similar performance, while FFNNs could not accurately characterise position 2. Such results may 411 
point out that both CNNs and regression trees could satisfactorily characterise never-seen-before 412 
damage positions, while FFNNs found that task more difficult. 413 
 414 



 415 
Figure 12. Damage diagnosis results with 5mm-long cracks. Black dashed lines represent plate 416 

boundaries.  417 

 418 
Figure 13. Damage diagnosis results with 25mm-long cracks. Black dashed lines represent plate 419 

boundaries. 420 



 421 
Figure 14. Damage diagnosis results with 50mm-long cracks. Black dashed lines represent plate 422 

boundaries 423 

Finally, the performance of the proposed ML methods was compared to that of traditional 424 
tomographic image reconstruction algorithms. Among the methods present in the literature, the 425 
RAPID was selected to provide an unbiased comparison, since it computes damage probability maps 426 
processing the same information already processed by the ML algorithms. The RAPID leverages on 427 
the idea that the damage probability at a certain point (𝑥𝑥, 𝑦𝑦) in the structure can be reconstructed by 428 
combining the information on the point relative position to the sensor pairs with the signals change 429 
with respect to the healthy baseline. Hence, the damage probability map in the reconstructed region 430 
can be computed as a linear summation of the contribution of all the sensor pairs, which is determined 431 
by combining a DI with geometrical properties. The probability at a point (𝑥𝑥, 𝑦𝑦) in the plate is given 432 
by Equation 5 [64]: 433 

𝑃𝑃(𝑥𝑥,𝑦𝑦) = �𝑝𝑝𝑘𝑘(𝑥𝑥, 𝑦𝑦) =
𝑁𝑁

𝑘𝑘=1

�𝐴𝐴𝑘𝑘
𝛽𝛽 − 𝑅𝑅𝑘𝑘(𝑥𝑥,𝑦𝑦)

𝛽𝛽 − 1

𝑁𝑁

𝑘𝑘=1

(9) 434 

with [64]: 435 

𝑅𝑅𝑘𝑘(𝑥𝑥,𝑦𝑦) =

⎩
⎪
⎨

⎪
⎧��𝑥𝑥 − 𝑥𝑥𝑖𝑖 + 𝛼𝛼�𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑗𝑗��

2
+ �𝑦𝑦 − 𝑦𝑦𝑖𝑖 + 𝛼𝛼�𝑦𝑦𝑖𝑖 − 𝑦𝑦𝑗𝑗��

2
+��𝑥𝑥 − 𝑥𝑥𝑗𝑗 + 𝛼𝛼�𝑥𝑥𝑗𝑗 − 𝑥𝑥𝑖𝑖��

2
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2
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𝑓𝑓𝑓𝑓𝑓𝑓 𝑅𝑅𝑘𝑘(𝑥𝑥,𝑦𝑦) < 𝛽𝛽

𝛽𝛽 𝑓𝑓𝑓𝑓𝑓𝑓 𝑅𝑅𝑘𝑘(𝑥𝑥,𝑦𝑦) ≥ 𝛽𝛽
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where 𝑝𝑝𝑘𝑘 represents the contribution of the k-th sensor pair, which is determined by the combination 436 
of the DI (𝐴𝐴𝑘𝑘) and the geometrical weight 𝛽𝛽−𝑅𝑅𝑘𝑘(𝑥𝑥,𝑦𝑦)

𝛽𝛽−1
. Moreover, α and β are parameters driving the 437 

size of an effective elliptical distribution drawn around the k-th sensor pair, (𝑥𝑥𝑖𝑖,𝑦𝑦𝑖𝑖) and �𝑥𝑥𝑗𝑗 ,𝑦𝑦𝑗𝑗� are 438 
the coordinates of the sensor and of the actuator, respectively, while 𝑁𝑁 represents the number of 439 



sensor pairs in the network. The values of the coefficients α and β were set to 0.08 and 1.07, 440 
respectively, through trial and error method. DIs were computed according to Equation 4. Positions 441 
2 and 9 and crack length 𝑙𝑙 = 25mm were selected as representative scenarios to compare the 442 
performance of ML and traditional methods. Results are shown in Figure 15. 443 

 444 
Figure 15. Damage diagnosis performance comparison: machine learning (left) vs. RAPID (right).  445 

ML methods outperformed the tomographic algorithm both in case of position 2 (never-seen-before) 446 
and position 9. In fact, the RAPID algorithm showed limited capabilities in predicting damage size, 447 
while significant uncertainty was observed in the prediction of the damage position, which severely 448 
affected any diagnostic (localisation and quantification) conclusions. The outcome of the comparison 449 
did not strictly depend on the density of PZT devices considered in the network of sensors. In fact, 450 
increasing the number of sensors installed on the structure would boost the performance of both the 451 
RAPID and the ML methods. Additionally, a quantitative comparison may be performed by 452 
establishing a performance metrics for the RAPID algorithm, such as the extent of the high probability 453 
area, i.e., the area with damage probability greater than 50%, or the distance between the real damage 454 
position and that of the point with maximum damage probability, but this is out of the scope of this 455 
work. However, although ML methods outperformed the tomographic algorithm, an experimental 456 
and/or numerical database of LW signals in both healthy and damage conditions must be available to 457 
train ML algorithms.  Even though commercial software packages may make generating numerical 458 
databases of LW signals prohibitive in terms of required time and computational resources, several 459 
methods have been proposed in the literature to overcome such problems, thus making it possible to 460 
rely on accurate and fast numerical simulations to generate realistic datasets [65–68]. To conclude, 461 
as a general guideline, if a numerical and/or experimental database of healthy and damage conditions 462 
can be set up, ML methods should be employed to boost the performance of frameworks for damage 463 
diagnosis, while in case this is not possible the RAPID algorithm should be preferred instead. 464 
However, note that the limitations of the ML methods considered in this work, especially the inability 465 
of dealing with limited amount of data, could be overcome by further improving the proposed 466 
framework exploiting the capabilities of more complex state-of-the-art solutions available in the 467 



literature [69–72]. Similarly, the proposed method could be made more general by including 468 
autoencoders to deal with varying environmental and/or operative conditions [44,73]. Such 469 
extensions of the framework are considered out of the scope of this work and will be addressed in 470 
future contributions. 471 

4 Conclusions 472 
In this work, ML methods for damage diagnosis using ultrasonic guided waves have been presented 473 
and compared. Specifically, a classification CNN has been employed to detect damage, and different 474 
regression methods, i.e., FFNNs, regression trees and CNNs, have been considered to predict damage 475 
position and extent. CNNs directly processed acquired signals without requiring any prior feature 476 
extraction processes, while regression trees and FFNNs worked with single-valued damage indices. 477 
Note that a CNN for damage detection was included in the framework to provide a method to conduct 478 
coherent full damage diagnosis assessments, without the need to detect damage through external 479 
sources. However, using classification networks for damage diagnosis is not a novelty of this work, 480 
and other traditional methods could be used instead. An experimentally validated numerical case 481 
study has been carried out to test and compare the ML methods. All regression methods could 482 
satisfactorily predict damage position and extent. Moreover, the ML methods also accurately 483 
identified crack positions not seen during training. However, only CNNs provided accurate 484 
characterisation of never-seen-before damage extents. Although no clear difference could be seen in 485 
the localisation performance, these results suggested that the loss of information determined by 486 
extracting DIs from acquired signals could limit the ability of regression methods to deal with unseen 487 
damage extents. Moreover, ML methods were compared to the RAPID, a traditional tomographic 488 
algorithm for damage diagnosis. Results showed that ML methods qualitatively outperformed the 489 
tomographic algorithm in terms of both localisation and quantification accuracy. 490 
Although ML methods seemed to perform better than traditional tomographic algorithms, they also 491 
come with limitations, the main of which being the need for a database for training, that is usually 492 
costly and time consuming to generate. Two strategies may be used to overcome this limitation. On 493 
the one hand, the database may be fully generated starting from experimentally validated numerical 494 
simulations, as in the case of the application reported in this work. This would allow generating a big 495 
enough database without the often impractical need to test a real specimen for each damage scenario. 496 
This technique may also be combined with some experimental acquisitions to generate a numerically 497 
enhanced experimental database. On the other hand, if the available database is not large enough to 498 
train supervised ML algorithms, more complex unsupervised ML methods might be employed 499 
instead. In this context, the authors are working on an unsupervised convolutional autoencoder-based 500 
framework to perform damage diagnosis. This framework, which is inspired by the methodology 501 
presented in this work, only relies on healthy data to train neural networks, thus allowing reducing 502 
the number of acquisitions required to set up the damage diagnosis tool. Another limitation of the 503 
proposed method consists in the inability of identifying damage type. A solution to this issue may 504 
come from considering classification methods that process different representations of the acquired 505 
signals, e.g., hybrid time-frequency representations of LWs, such as spectrograms. Moreover, the 506 
framework still needs to be further developed and improved to overcome the common problem of 507 
false alarms in case of time varying operational and/or external conditions. This may be dealt with by 508 
using CNNs. Particularly, the temperature corresponding to each acquisition could be acquired and 509 
used as additional input of the networks. This would allow the CNNs to learn the influence of 510 
temperature on LWs propagation, thus reducing possible false alarms otherwise expected to be 511 
negatively affected by temperature variations. Future work will also involve (i) testing the proposed 512 
methodology on more complex structures, such as composite and hybrid plates, (ii) exploiting the 513 
potential of transfer learning to allow setting up the framework through numerical simulations and 514 
then using the acquired knowledge to adapt regression methods to experimental structures, and (iii) 515 
shifting from the supervised algorithms described in this study to unsupervised methods, provided 516 
that they are suitably developed and arranged. 517 
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