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Abstract 

Recent advances in phased array guided wave (PAGW) have demonstrated the potential 

of minor damage detection and localization in widely used curved plates, but quantitative 

damage evaluation remains difficult since effective features that are sensitive to damage size 

are hard to extract. In this study, a novel integrated framework, GW-SHMnet, is proposed, 

which leverages the advantages of the PAGW, finite element (FE) modeling, and deep learning 

algorithm. Firstly, an FE model is constructed to simulate PAGW propagation in curved plates. 

Secondly, PAGW experiments are performed on a curved aluminum plate to validate the FE 

model. Thirdly, an FE simulation database considering different sensor locations, testing 

frequencies, and damage sizes, is constructed and used as the training and testing data. Finally, 

deep learning is used to automatically extract features to determine damage size. The 

effectiveness, accuracy, and robustness of GW-SHMnet enable autonomous quantitative 

evaluation of minor damage in curved plates. 
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1. Introduction 

Plate structures, especially curved ones, are broadly used in wind turbine blades, aircraft 

structures, etc. Considering that fatigue cracks of these curved type plates under severe 

operating conditions are inevitable, it is important to detect and evaluate the damage to ensure 

structural safety [1, 2] while reducing asset lifecycle management costs [3, 4]. Thus, structural 

health monitoring (SHM) in the above-mentioned engineering fields has received increasing 

research attention. 

Since guided waves can propagate over a relatively long distance with minimum loss and 

are sensitive to small damages, they have found great application prospects to effectively 

identify the damage [5-7]. However, the interpretation of test data is still a challenging task due 

to the typical presence of multiple modes propagating in the test structure with different 

velocities and possibly interacting with each other [8]. Further, the effects of environmental and 

operational conditions may make the already unobvious damage reflected signal even less 

significant.  

To overcome these challenges, phased array guided wave (PAGW) techniques have been 

proposed to obtain evident reflections from damage. PAGW using multiple PZT sensors 

arranged in a designed pattern can focus the waveform energy by predefining the focal point 

[9, 10]. By introducing time delays, the waveform phase of excitation signals varies. This leads 

to constructive interference of the emitted waves. Thus, an amplified wavefield with the desired 

direction appears, which can lead to magnified damage reflected waveform. By operating PZT 

actuators with different time delays, different focal points across the plates can be scanned, 

which realizes damage detection and evaluation of the plates. 

Nevertheless, guided wave methods usually rely on damage reconstruction/localization 

algorithms, including travel time[11], diffraction tomography[12], full waveform 

inversion[13], and the application of different mathematical formulae to facilitate damage 

quantitative imaging[14-19]. A couple of deficiencies limit their wider application [20, 21]. 

First, the performance of these algorithms depends on manual feature selection and tuning, 

which means the accuracy of these algorithms is limited by the feature extraction method. 

Different features may yield different reconstruction accuracies in different scenarios. Second, 

most algorithms can only detect and locate the damage, while few can quantitatively evaluate 

the damage due to the complexity of signal post-processing [22-24]. Regarding curved plates, 

little research has been performed on the PAGW propagation characteristics earlier than our 

previous study [25]. In [25], not only PAGW properties of curved plates has been elaborated 

but also the damage detection and localization processes have been rigorously derived and 
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validated. It was found that the ToF (Time of Flight) and amplitude of the back-scattered CLT0 

(a mode of Circumferential Lamb Type wave) are sensitive to penetrating damage of curved 

plates, therefore the location of damage can be identified. However, quantitative damage 

evaluation, i.e., determining the damage size/level, remains a challenging task.  

Quantitative damage evaluation methods of plate structures can be divided into model-

based and data-driven methods. The model-based methods aim to represent the process of 

damage development in plate structures by constructing a theoretical/numerical model and 

introducing necessary variables to update the model to fit the actual scenario [26, 27]. However, 

the model updating process is iterative and computationally inefficient. Therefore, most model-

based methods utilize numerical simulations to establish a relationship between damage 

parameters and signal features, i.e., curve fitting. For plate structures, the popular damage 

parameters include degradation of stiffness, energy dissipation of materials, etc. [28, 29]. 

Although this kind of method has been successfully applied in certain cases, the relationship 

usually lacks generalization ability and thus is difficult to adapt to different scenarios.  

Compared to model-based methods, data-driven methods typically learn damage 

development trends from a large amount of representative sensor data and achieve damage 

detection and quantification without the need for physical interpretation [30, 31]. In the last 

decade, the fast development of GPU-based machines and the increasing availability of training 

data have enabled data-driven methods more viable in quantitative damage evaluation for plate 

structures [32, 33]. Since deep learning algorithms can learn intrinsic physics from the data 

without manual construction of features, they enable the structural damage/condition 

identification tasks to become autonomous. For example, SHMnet, a deep learning algorithm, 

has achieved beyond human-level performance in vibration-based damage identification tasks 

[34], which is promising to facilitate quantitative damage evaluation. 

The successful application of deep learning algorithms relies on the availability of training 

data, while it is almost always impossible to gather monitoring/test data of exhaust structural 

conditions. A viable solution to this challenge is to simulate structural responses of 

representative cases with a validated numerical model, e.g., a finite element (FE) model. Its 

feasibility has been proved through different studies in SHM.  

In the existing literature, the time delay-based PAGW technique has advantages in 

wavefield focusing and steering, which enables high-precision damage detection and 

localization in curved plates but meets difficulties in quantitative damage evaluation due to 

complicated signal post-processing and error-prone manual feature extraction. In such a case, 

deep learning can be used to automate the signal processing procedure and to improve the 

identification efficiency and accuracy. Therefore, in this study, a novel approach to 

quantitatively evaluate damage in curved plates will be proposed by combining the PAGW 
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technique, FE modeling, and the deep learning algorithm. To validate its efficiency and 

effectiveness, we compared the performance of the proposed approach with the traditional 

curve-fitting approach which establishes the relationship between signal feature and damage 

size. This paper proceeds with a description of the quantitative damage evaluation process of 

the proposed approach, followed by numerical simulations and experimental tests on aluminum 

plates based on the PAGW. Considering variables including the position of sensors, testing 

frequency, and width of damage, numerical datasets are constructed via FE simulations. These 

datasets serve not only as training/testing information for the proposed approach but also as a 

benchmark for comparison. Then, GW-SHMnet is developed, and its efficiency and accuracy 

are verified by comparing it with the results of the curve-fitting approach. This is followed by 

the conclusions of this paper.  

2. Methodology 

 Overview 

Aiming to evaluate damage size in the curved plate, we propose a new quantitative damage 

evaluation approach shown in Figure 1. As can be seen, the approach is composed of three 

stages. The first stage focuses on the PAGW. Following [25], the PA system including both 

Active PA and Passive PA has an ordered arc-linear array of PZT sensors bonded to the 

inspected structure. As the cylindrical coordinate system shown in Figure 2, the Active PA 

system, has 3 pieces of PZT actuators bonded to the upper surface of the curved plate, while 

the Passive PA system of 3 pieces of PZT sensors is bonded to the lower surface of the curved 

plate. By using the PAGW focusing theory for curved plates, we can obtain a wavefield in 

which most of its energy concentrates at the prescribed focal point, shown in Figure 3. A 

traditional curve-fitting approach to quantitative damage evaluation is developed, based on 

manual extraction of damage features and establishment of a relationship between features and 

damage levels, which will be used for comparison in this study.  

In the second stage, FE modeling can be divided into two sub-stages. The first one is 

Simulations and Verification in which FE models are built and validated by experimental results. 

The second sub-stage is the construction of a Damage Database where wave propagation 

responses of the curved plates under a large amount of damage scenarios are simulated as 

training datasets.  

For the final stage, GW-SHMnet is developed based on the architecture of SHMnet. By 

using the systematic simulation data as training data, three parameters, i.e., the number of 

convolutional blocks, the sensor location of Passive PA, and the number of training datasets are 

optimized. Based on GW-SHMnet, damage size can be identified through an autonomous 

Ying Wang
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A Deep Transfer Learning Network for Structural Condition Identification with Limited Real-World Training Data
Damage identification scheme based on compressive sensing
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feature extraction and classification process. The results are compared with those of the curve-

fitting approach. 

 

Figure 1. The proposed quantitative damage evaluation framework. 

 

Figure 2. Diagram of curved plate model and Active PA actuators and Passive PA sensors layout in the 

cylindrical coordinate system. 



Page | 6 
 

 

Figure 3. Example of wavefield aiming to the focal point P in (a) an undamaged curved plate; (b) a damaged 

curved plate[25] 

 PAGW technique 

The PAGW is fundamental to the proposed approach, which includes two enabling 

theories. The first focusing theory is used to excite the actuators of Active PA by using 

prescribed signals at the same time with different phases to superimpose waveform towards the 

focal point. The second reflecting theory is used to synthesize the received signals from Passive 

PA to facilitate the extraction of the damage-reflected waveform, the back-scattered CLT0. More 

details about these theories can be found in [25], while for completeness, this sub-section will 

provide a brief introduction. 

2.2.1. The focusing theory 

After defining the cylindrical coordinate system, we can know the coordinate of the focal 

point(P), the nth PZT’s coordinate, and the total number (N) of the actuators of Active PA; 

therefore, the distance from the nth PZT actuator in the Active PA to the focal point, that is, 𝑅𝑅𝑛𝑛, 

can be determined. Assume that the amplitude of the waveform will attenuate as a function of 

�𝑅𝑅𝑛𝑛 and group velocity of the waveform is 𝑐𝑐𝑔𝑔. In addition, suppose that 𝐴𝐴𝑛𝑛 is a scalar factor to 

tune the amplitude of the waveform excited by the nth PA actuator. Therefore, the summation of 

wave amplitudes at the focal point is[25]: 

( 1)/2

0
( 1)/2

( ) 1
n N

n n
p n

n N gn

AS t S t nR
R c

= −

=− −

 
= ⋅ − − δ ±  

 
∑ ） = ,（ 0  (1) . 

𝑆𝑆0  is correspond to the original excitation waveform which is then shifted using the 

calculated time delays.  𝛿𝛿𝑛𝑛  is the time delay corresponding to each actuator, which can be 

calculated by the following formula. 
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𝑅𝑅𝑓𝑓 is the distance from the focal point to the central actuator of the PA. t0 is sufficiently 
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constant to ensure a positive time delay. After obtaining the time delay of each actuator of 

Active PA corresponding to the prescribed focal point, every calculated time delay is added to 

each excitation signal, and the PAGW propagating to the specified area of the curved plate will 

be observed subsequently. 

2.2.2. The reflecting theory 

Considering that damage exists along the propagation path of PAGW, the damage-

reflected wave will appear and backscatter to Passive PA. As Figure 4 (b) shows, the sensors of 

Passive PA will receive signals at different times due to their distinct locations.  

Suppose there is damage at G and the scattering coefficient is B. Considering the 

attenuation item of the reflected wave amplitude as 1
�𝐺𝐺𝑚𝑚

,  the signal recorded by the mth sensor 

of Passive PA is[25, 35]: 
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Gn is the distance from Damage G to the nth actuator of Active PA while Gm is used to 

describe the distance from Damage G to the mth sensor of Passive PA. M is the total number of 

the sensors of Passive PA. Considering the different arrival times of the received signals of 

Passive PA, to make the damage-reflected waveform much more significant, inverse time 

delays need to be manually added to the received signals. Then, we can superimpose these 

signals by using the same timeline, which is the synthetic signal. 
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Given that the focal length 𝐺𝐺𝑓𝑓 is the distance from the Damage site G to the center of the 

PA. The inverse time delay 𝛿𝛿𝑚𝑚 can be written as: 
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(a)                                                                     (b) 

Figure 4. Schematic diagram of curved plate PAGW technique: (a)focusing theory (b)reflecting theory. 

After obtaining the synthetic baseline signal (the superimposed signals of Passive PA 

bonded on a pristine curved plate) and synthetic damage signal (the superimposed signals of 

Passive PA bonded on a damaged curved plate), the synthetic difference signal can be easily 

obtained by subtracting the synthetic baseline signal from the damage signal, which is the basis 

for the subsequent works of this research. 

2.2.3. Curve-fitting approach 

If there is damage on the curved plate, the damage-reflected waveform (the back-scattered 

CLT0) will appear obviously in the synthetic difference signal. Since the amplitude of back-

scattered CLT0 is sensitive to the damage size, we can manually extract this parameter in the 

signal processing procedure and use polynomials to fit curves to describe the relationship 

between the damage width and the amplitude of back-scattered CLT0. These curves can be 

calculated through the construction of the Damage Database and then used to predict damage 

size by measuring the mentioned parameter in the synthetic difference signals.  

 Construction of Damage Database by using FE modeling 

In this stage, accurate and reliable numerical models need to be established. Due to their 

importance, the numerical simulation and experiment verification works will be presented 

separately in Section 3.  

In this subsection, the construction of the Damage Database is introduced. Given that the 

FE model for PAGW has been verified by experimental tests, the FE models of curved plates 

with various single-site damage size scenarios can be constructed. In this study, every damage 

scenario is simulated by the removal of the finite elements at the damage location. Toward a 

more general damage identification approach, we consider 10 different damage widths. A total 

of 10 damaged models were built as the damage width was increasing from 5 mm to 50 mm 

with a step of 5 mm. Therefore, there were 10 damaged models, considering the intact plate, 

we have 11 models.  

It has been shown experimentally that the signals received by PZT subjected to different 

frequencies have frequency-dependent changes such as variations in the amplitude of reflection 

from both damage and boundaries [36]. Considering the practical tests in engineering and the 

sufficient database for training, the excitation frequency used is expected to be diverse instead 

of the one prescribed. Therefore, we considered 9 different excitation frequencies from 90 to 

110 kHz with a step of 2.5 kHz (viz. Figure 5) to implement 9 times tests for each model.  
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Figure 5. Excitation frequency from 90kHz to 110kHz with a step of 2.5kHz 

For the database of the proposed quantitative damage evaluation approach, there is no need to 

manually extract damage indicators of the recorded signals of Passive PA. After simulation, all 

the signals received by Passive PA (3 sensors) are directly reordered to create 3 groups of 

datasets, one for each receiver (sensor), comprising simulated measurements from 11 different 

damage scenarios (model), where 9 excitation frequencies were implemented for each model. 

In total, we have 3*11*9=297 simulation datasets. 

For each sensor (99 datasets), we used an increasing number of numerical dataset groups 

as training data to study the effect of the number of training datasets, that is, Group 1 to Group 

5 (viz. data group in Table 1). Considering that there are always 11 damage width scenarios at 

each excitation frequency, ‘Group 5’ means that a total of 55 test results were used for training. 

The rest datasets of ’92.5 kHz’, ’97.5 kHz’, ‘102.5 kHz’, and ‘107.5 kHz’ were always used as 

testing data in the following training processes.  

Table 1. Description of training data and Testing data 

Datasets Group 
Number Excitation frequency scenarios 

Training data 

Group 1 90kHz - - - - 
Group 2 90kHz 95kHz - - - 
Group 3 90kHz 95kHz 100kHz  - 
Group 4 90kHz 95kHz 100kHz 105kHz - 
Group 5 90kHz 95kHz 100kHz 105kHz 110kHz 

Testing data - 92.5kHz 97.5kHz 102.5kHz 107.5kHz - 
Note: Each excitation frequency scenario corresponds to 11 damage scenarios. 

 Deep learning algorithm 

SHMnet is a novel deep convolutional neural network for SHM, proposed by Zhang et al. 

[34], which was adapted from a state-of-the-art network configuration, Alex-Net, together with 

Adam's optimization algorithm. In this study, optimization of SHMnet’s network architecture 

is implemented towards better performance and efficient training and testing in the context of 

PAGW. The parameters including the number of convolutional blocks, the PA sensor’s location, 

the number of training datasets, and the training data preparation scheme, have been optimized. 
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After parameters optimization, the trained GW-SHMnet model will be used to classify the 

damage width label.  Once the received signals of Passive PA are inputted to GW-SHMnet, 

features can be extracted automatically and damage size will be classified and identified. The 

algorithm will autonomously calculate the testing (classification) accuracy and give the results, 

which means that the quantitative damage evaluation process can be achieved. 

GW-SHMnet consists of two main parts, i.e., Feature extraction and classification, shown 

in Table 2. The feature extraction part has three one-dimensional convolutional layers with 

kernel sizes of 7, 5, and 3, which is followed by nonlinear ReLU activation and maximum 

pooling with a kernel size of 3 and a step size of 2. The classification part is combined by two 

ReLU layers, two dropout layers, each with a ratio of 50%, and three dense/fully connected 

layers, which convert the learned features to a total number of output classes that can be adapted 

to different scenarios. We set this number as 11 for a total of 11 damage scenarios considered 

in this study. According to previous related research results, we set the learning rate as 0.0001 

and the training epochs as 1000.    

 

Table 2. GW-SHMnet network architecture [34] 

Network architecture 
(Feature extraction): Sequential ( 
(0): Conv1d (1, 16, kernel_size = (7,), stride = (1,)) 
(1): ReLU(inplace) 
(2): MaxPool1d (kernel_size = 3, stride = 2, padding = 0, dilation = 1, ceil_mode = False) 
(3): Conv1d (16, 64, kernel_size = (5,), stride = (1,)) 
(4): ReLU(inplace) 
(5): MaxPool1d (kernel_size = 3, stride = 2, padding = 0, dilation = 1, ceil_mode = False) 
(6): Conv1d (64, 256, kernel_size = (3,), stride = (1,)) 
(7): ReLU(inplace) 
(8): MaxPool1d (kernel_size = 3, stride = 2, padding = 0, dilation = 1, ceil_mode = False) 
) 
(Classification): Sequential ( 
(0): Dropout (p = 0.5) 
(1): Dense (in_features = 158976, out_features = 1024, bias = True) 
(2): ReLU(inplace) 
(3): Dropout (p = 0.5) 
(4): Dense (in_features = 1024, out_features = 1024, bias = True) 
(5): ReLU(inplace) 
(6): Dense (in_features = 1024, out_features = 11, bias = True) 
) 

3. Numerical simulation and experimental verification 

In this section, the construction of numerical models will be described, and the 

effectiveness of numerical simulations will be verified by experimental results. 

 Dispersion curves and the excitation signal  

Due to the inherent properties of guided waves, e.g., multi-modes and dispersion, it is vital 

to choose an appropriate excitation frequency according to dispersion curves to limit excited 
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wave modes. Following previous studies [25, 37, 38], we can calculate the dispersion curves of 

the circumferential lamb type (CLT) wave. Figure 6 shows the curves in terms of group velocity 

for different frequency-wall thicknesses when the curved plate with a ratio of its radius to wall 

thickness is greater than about 20. Because of the radius of curved plates, it is difficult to 

distinguish symmetric and anti-symmetric modes. Thus, the subscript m in CLTm is used to 

designate the wave mode number. By inspecting Figure 6, we decided to conduct experiments 

using the fundamental CLT0 mode at 0.4 MHz.mm, for which limited dispersion is expected 

due to the derivative of its group velocity being close to zero at the chosen frequency. A similar 

choice would be commonly made in the simulation since it reduces the complexity of the signal 

analysis by limiting the number of modes excited in the test structure.  

 

Figure 6.  Dispersion curves of CLT waves in an aluminum plate in group velocity. 

 Numerical simulation 

To build FE models, a 3D model of a 400×400×4 mm curved type aluminum plate with a 

radius of 250 mm was first created with commercial software, ABAQUS, which can perform 

explicit time-domain simulation of wave propagation efficiently. To create a damaged plate, a 

through-thickness rectangular puncture damage was introduced at the desired nodal location by 

removing elements. Three actuators of Active PA were simulated by selecting the nodes on the 

left edge of the upper face of the plate, which were assigned to excite a force time-history with 

the shape of a 5-cycle, Hanning windowed tone-burst at 100 kHz shown in Figure 7 (a); the 

force was directed normally to the plate, hence predominantly exciting the CLT0 mode and only 

to a much lesser extent the extensional CLT1 mode. Furthermore, Passive PA is simulated by 

selecting the nodes on the right edge of the lower face of the plate and by recording the 

displacement time history at the node in the normal direction to the plate for each simulation 

step [39, 40]. Overall, this provides a reasonable simulation of the stress waves that would be 

excited and sensed by small piezoelectric discs attached to the plate. Aluminum was modeled 

as an isotropic non-attenuative material whose density, elastic modulus, and Poisson’s ratio 
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were set based on literature value. This time, a damage width of 20 mm was considered, and 

the length of damage was set as 10 mm. All the parameters are shown in Table 3. 

 

Table 3.  Parameters of the curved aluminum plate and the information of damages. 

Item Density 
[kg/m3] 

Modulus 
[Mpa] 

Poisson’s 
Ratio Radius[mm] Width 

[mm] 
Length 
[mm] 

Thickness 
[mm] 

Damage 
width 
[mm] 

Damage 
length 
[mm] 

Value 2700 69000 0.33 125 400 400 4 20 10 

The simulation time-step of 25ns was chosen to satisfy the precision and stability 

requirements typical of elastodynamic simulations. It was recommended to use at least 10 

elements per shortest propagating wavelength to guarantee accuracy [41]. According to the 

group velocity shown in Figure 6, for 100kHz, the minimum wave velocity of the guided wave 

is 2766m/s at 0.4 MHz ∙ mm, and thus the maximal edge length of the elements is 2.766 mm 

[25]. While for 110 kHz, the calculated maximal edge length of the elements is 2.566 mm and 

2.999 mm for 90 kHz. Therefore, considering the calculation results and efficiency of the 

simulation, the mesh grid size is set to 2.5mm in 11 models. The simulation duration was set to 

0.5 ms as the CLT0 wave mode can propagate for about 1.4 m from Active PA. This duration is 

sufficient for the damage reflection and multiple reflections from the plate boundaries to reach 

either of Passive PA.  

 Experimental setup  

To verify the effectiveness of numerical simulations, experimental works on type-6061 

thin curved aluminum plates with a size of 40 cm by 40 cm by 4mm and a radius of 250 mm 

were performed. The material parameters of the aluminum and excitation signal are the same 

as those in numerical simulations. As shown in Figure 7, each three disk-shaped PZTs of 1 mm 

thickness and 10 mm diameter were used for Active and Passive PA, with a distance of 23.4 

mm between the PZTs, taking care to ensure that the time delay between waves excited by 

adjacent PZT actuators is always an integer multiple of 0.5 microseconds, the minimum 

sampling interval of the NI PXIe-6124. The signal is excited by an active amplifier and recorded 

by a passive amplifier at a sampling rate of 2 MHz. 

The high-speed acquisition system together with Active PA and Passive PA is shown in 

Figure 8(a). As Figure 8(b) marked, C (250, 0.8, 200) is the focal point set at the center of the 

plate, and the time delays were t1=0, t2=0.5, and t3=0 μs between Active PA actuators. A total 

of three analog output channels were used on the data acquisition cards to control three actuators 

of Active PA. The excitation signal for each analog channel is supplied with a maximum of 150 

V via a PINTECH high-voltage amplifier, HA-405 or HA-820. In addition, the charge signal 

output from Passive PA was converted to a voltage signal using the DONGHUA charge 
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amplifier and subsequently recorded on LabVIEW using the three analog input channels of 

PXIe-6124. Besides, the charge amplifier has an internal integrated bandpass filter with a 

bandwidth of 30kHz to 300kHz to reduce noise outside the signal bandwidth. 

 
(a)                                                                       (b) 

Figure 7. (a)Excitation signal in the time domain; (b) Time delays of Active PA actuators 

 
        (a)         

 
                                 (b) 

Figure 8. (a) PA system hardware and software are designed for health monitoring of plate structure; (b) 

PZT locations and measurement lengths annotation.  
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 Simulation and experimental results 

The time delays in numerical simulations are set the same as that in the experiment, and 

the PAGW propagation properties are studied in the pristine and damaged curved plate models. 

As mentioned before, the CLT0 and CLT1 modes should exist in the wavefield, which can be 

reflected from the damage and the boundaries at different times according to their different 

velocities as Figure 9 shows. For the plates with a radius of 250mm, synthetic signals of 

damaged and healthy scenarios in response to the same excitation are plotted in Figure 9 (a). 

For the synthetic difference signal, CLT0 backscattered from the damage is present, which is 

plotted in Figure 9 (b).  

 
(a)                                                                                       (b) 

Figure 9. (a) Synthetic signals of Passive PA in both undamaged(baseline) and damaged plates with a radius 

of 250 mm in the simulation; (b) Synthetic difference signal calculated from Synthetic damage signal and 

baseline signal. 

 
  (a)                                                                                   (b)  

Figure 10. (a) Synthetic signals of Passive PA in both undamaged(baseline) and damaged plates with a 

radius of 250mm in the experiment; (b) Synthetic difference signal calculated from Synthetic damage signal 

and baseline signal. 

       As for experimental results, Figure 10 (a) shows synthetic signals for both the pristine and 

the damaged curved plates in experimental tests. In Figure 10 (b), the responses from the 
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damaged curved plate have a strong damage-reflected waveform which can be called back-

scattered CLT0. To verify the FE models of curved plates, the experimental results of the PAGW 

can be compared with the numerical simulation results. Comparing Figure 10 (b) with Figure 

9 (b), we can find that all the back-scattered CLT0 signals of both simulation and experiment 

are in the period of 150-200 μs with a max amplitude of around 0.2. Although there are 

inevitable noises in the experiment’s results, the main features of backscattered CLT0 were not 

greatly affected.  Together with the results of the previous work for 125mm curved plates [25], 

which obtained synthesized signals with a low extent of noise wave and calculated travel 

time/amplitude of backscattered CLT0 were very close in both experiments and simulations, 

demonstrate the effectiveness and accuracy of FE model that can be used to simulate the 

propagation of PAGW and thus generate data for other scenarios as a database. 

4. Quantitative damage evaluation 

After the verification of FE modeling and the generation of the Damage Database, we use 

this database to optimize SHMnet and compare the results with those using the conventional 

curve-fitting approach. 

 Optimization and quantitative evaluation results of GW-SHMnet 

In this work, we normalized the received signal of each recording node of Passive PA 

according to its maximum amplitude. Considering computing efficiency, we re-sampled the 

data to 5000 points each. Besides, we labeled the data from the different sensors of Passive PA 

under different damage size scenarios with their associated scenario numbers, which are ready 

to be used for training. Moreover, the normalized datasets and their associated labels were 

utilized to optimize SHMnet for the following three parametric studies. After that, we used a 

different Group of datasets from one sensor of Passive PA under all scenarios as the training 

data. The trained GW-SHMnet model was then used to identify the damage width label with 

‘unknown’ scenarios by using the selected testing datasets. If the correct damage size scenario 

label was found, we considered the result accurate, and vice versa. 

4.1.1. Effect of the number of convolutional blocks 

To find the optimal number of convolutional blocks, we first implemented parametric 

studies on five modified SHMnet networks with 1, 2, 3, 4, and 5 convolutional blocks, 

respectively. We used ‘Group 5’ testing data from sensor 0 in Passive PA as the training data, 

thus 55 datasets were used in total. As shown in Figure 11, the network with 3 convolutional 

blocks achieved the best training and testing accuracy, that is, 100%. With fewer convolutional 

blocks (1 or 2), the network tends to be under-trained, where the training accuracy is only 92% 
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and less than that of testing accuracy. With more convolutional blocks (4 or 5), both the testing 

accuracy and the training accuracy are lower than those with 3 convolutional blocks. Therefore, 

3 convolutional blocks are found to be optimal for this study and used thereafter. 

 

Figure 11. Comparison of training and testing accuracy of SHMnet with different numbers of convolutional 

blocks. 

4.1.2. Effect of PA sensor’s location 

Then, we investigated the effects of the Passive PA sensor’s location on the accuracy of 

SHMnet. We used ‘Group 5’ data from three sensors as three sources of training data. With each 

training data source, SHMnet would be trained and used for quantitative damage evaluation. 

The training and testing accuracy results of using sensor data at different locations of Passive 

PA sensors are shown in Figure 12. It can be seen that the algorithm can achieve 100% 

quantitative evaluation training and testing accuracy by using any data from Passive PA sensors 

-1, 0, and 1. Therefore, data from any sensor of Passive PA can be used for quantitative damage 

evaluation, as long as it is consistent during training and testing. In the rest of the parametric 

studies, we select the data from sensor 0 as the training data. 

 

Figure 12. Comparison of quantitative damage evaluation accuracy at different sensor locations. 
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4.1.3. Effect of the number of training datasets 

To examine how many training datasets can deliver reliable networks for quantitative 

damage evaluation, we trained the SHMnet five times, with an increasing number of group 

datasets as training data, Group 1, 2, 3, 4, and 5. As shown in Table 1, Group 1 only with 11 

datasets while Group 5 with 55 datasets. Figure 13 shows the damage evaluation testing 

accuracy results using different numbers of training datasets from sensor 0. It demonstrates that 

with Group 1 datasets as training, the damage evaluation testing accuracy was low, that is, only 

13%. This is because the amount of training data is rare, which only has datasets of 90 kHz 

frequency scenario. With the increase of the training datasets, the testing accuracy increases 

dramatically. While using Group 4 and Group 5 datasets as training, SHMnet can achieve over 

90% damage evaluation testing accuracy and achieve 100% when Group 5 was used, which 

means that more datasets can lead to a model with better generalization ability.  This may 

suggest that for future studies, at least Group 4 datasets are necessary to achieve optimal 

damage evaluation results. If we aim for 100% quantitative damage evaluation accuracy, at 

least 55 tests are needed. 

 

Figure 13. Quantitative damage evaluation accuracy using the different number of training datasets at 

sensor 0. 

4.1.4. Quantitative damage evaluation results 

After optimization, as shown in Figure 14, we can obtain the GW-SHMnet by setting the 

convolutional block number as 3, using any sensor of Passive PA and Group 4 or above quantity 

of datasets. Figure 15 plots the histories of both accuracy and loss on the training and testing 

datasets during the 1000 epochs of training for the case of 3 convolutional blocks. In the 0-500 

epoch, the loss history decreases rapidly to converge to 0, while the accuracy history increases 

rapidly to converge to 100%. In the 500-1000 epoch, both loss and accuracy history stabilize 

with only slight fluctuations. The loss and accuracy of training and testing processes are close 

to each other throughout the whole training history. This indicates that the actual classification 

performance meets the expectations. It is concluded that GW-SHMnet can be used to assess 
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local damage in curved plates based on PAGW monitoring data. 

 

Figure 14. The framework of GW-SHMnet. 

 
(a)                                                                                        (b) 

Figure 15. Histories of (a) accuracy and (b) loss obtained during the 1000 epochs of training by GW-

SHMnet. 

 Results of the curve-fitting approach 

To compare with the results of the proposed approach, we developed a traditional curve-

fitting approach. Here, the amplitudes of back-scattered CLT0 of 99 different scenarios were 

extracted. The extracting method is to read the maximum amplitude of the backscattered CLT0 

wave packet in the synthetic difference signal. The results are presented in Table 4. From any 

column of  Table 4, we can find that the amplitude of the reflected wave increases as the width 

of the damage increases. To evaluate the damage size, polynomial equations were used to fit 

curves to describe the relationship between the damage width and the amplitude of back-

scattered CLT0. 

Table 4. The amplitude of back-scattered CLT0 under 99 different scenarios 

Amplitude 
90 

kHz 
（1） 

92.5 
kHz
（6） 

95 
kHz
（2） 

97.5 
kHz
（7） 

100 
kHz 
（3） 

102.5 
kHz 
（8） 

105 
kHz
（4） 

107.5 
kHz 
（9） 

110 
kHz 
（5） 

Dm=0mm 0 0 0 0 0 0 0 0 0 
Dm=5mm 0.011 0.010 0.011 0.011 0.012 0.014 0.016 0.018 0.020 

Dm=10mm 0.066 0.075 0.085 0.095 0.104 0.113 0.121 0.127 0.132 
Dm=15mm 0.131 0.142 0.151 0.161 0.171 0.179 0.185 0.188 0.190 
Dm=20mm 0.167 0.178 0.189 0.203 0.214 0.223 0.229 0.233 0.235 
Dm=25mm 0.198 0.219 0.237 0.255 0.271 0.283 0.292 0.297 0.300 
Dm=30mm 0.250 0.268 0.285 0.305 0.322 0.335 0.342 0.346 0.347 
Dm=35mm 0.282 0.300 0.319 0.340 0.358 0.371 0.378 0.382 0.380 
Dm=40mm 0.320 0.340 0.358 0.380 0.399 0.413 0.421 0.424 0.422 
Dm=45mm 0.342 0.364 0.381 0.405 0.424 0.437 0.445 0.446 0.443 
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Dm=50mm 0.351 0.371 0.390 0.414 0.432 0.444 0.450 0.450 0.446 

       Firstly, for an excitation frequency of 90 kHz, we fit a curve as shown in Figure 16 (a). 

Considering sufficient datasets are needed to fit (train) and test curves, we averaged the data in 

columns 1, 2, 3, 4, and 5 to fit the quadratic polynomial curve (viz. Figure 16  (b)), and averaged 

the data in columns 6, 7, 8, and 9 to test the accuracy of the model. 

 
(a)                                                                                 (b) 

Figure 16. (a) The quadratic polynomial fitting curve for 90 kHz; (b) Quadratic polynomial fitting curve for 

90-110 kHz. 

For Figure 16  (a), to test the accuracy of this fitted curve, we first calculated the difference 

between the data in 90 kHz scenarios and the corresponding values of the fitted curve, which is 

considered the training accuracy of the model. Secondly, we used the data in 92.5 kHz scenarios 

to compare with the corresponding data of the fitted curve and calculated their difference, which 

is assumed as the testing accuracy. According to the assumption mentioned above, the training 

accuracy and the testing accuracy can be calculated according to Equation (6) and Equation (7), 

respectively. 

( ) ( )( )
( )

2

90 90

1 90

1 1 100%
N f FC

training
i FC

V i V i
A

N V i=

 − = − × 
  

∑  (6) . 

( ) ( )( )
( )

2

92.5 90

1 90

1 1 100%
N f FC

testing
i FC

V i V i
A

N V i=

 − = − × 
  

∑  (7) . 

Atraining and Atesting refer to the training accuracy and the testing accuracy, respectively. N is 

the number of damage size scenarios, that is, 11 in this study. Vf90(i) refers to the amplitude of 

back-scattered CLT0 at 90 kHz excitation frequency for the ith damage size scenarios. Similarly, 

VFC90(i) means the amplitude of back-scattered CLT0 corresponding to the ith damage size 

scenario of the fitted curve at 90 kHz excitation frequency. 

For Figure 16 (b), we use the averaged data of columns 1, 2, 3, 4, and 5 (Vf_average_1,2,3,4,5), 

and the averaged data of columns 6, 7, 8, and 9 (Vf_average_6,7,8,9) to test the training and testing 
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accuracy of the fitted curves, respectively. Therefore, the training accuracy and the testing 

accuracy can be calculated according to Equation (8) and Equation (9). VFC_average_1,2,3,4,5(i) 

means the amplitude of back-scattered CLT0 corresponding to the ith damage size scenario of 

the fitted curve at 90, 95, 100, 105, and 110 kHz excitation frequency. VFC_average_6,7,8,9(i) means 

the amplitude of back-scattered CLT0 corresponding to the ith damage size scenario of the fitted 

curve at 92.5, 97.5, 102.5, and 107.5 kHz excitation frequency. Moreover, the order of 

polynomials can be optimized while fitting curves. Hence, in Table 5, we discuss the training 

and testing accuracy of the fitted curves using polynomials from 1 to 10.  

( ) ( )( )
( )

2

_ _1,2,3,4,5 _ _1,2,3,4,5

1 _ _1,2,3,4,5

1 1 100%
N f average FC average

training
i FC average

V i V i
A

N V i=

 − = − × 
  

∑  (8) . 

( ) ( )( )
( )

2

_ _ 6,7,8,9 _ _ 6,7,8,9

1 _ _ 6,7,8,9

1 1 100%
N f average FC average

testing
i FC average

V i V i
A

N V i=

 − = − × 
  

∑  (9) . 

 

Table 5. Training and testing accuracy of the fitted curve using polynomials from 1 to 10 times. 

Accuracy (%) 1st  2nd  3rd  4th  5th  6th  7th  8th  9th  10th  

90 
kHz 

train 78.52 81.73 82.73 83.16 86.21 88.22 87.65 89.38 90.15 90.91 
test 75.07 78.67 78.13 78.23 80.78 84.50 84.06 84.32 83.62 83.76 

            
90-
110 
kHz  

train 78.47 83.13 83.24 82.70 84.16 87.18 90.03 89.81 90.90 90.91 

test 77.83 82.62 82.46 82.44 83.55 86.35 89.05 89.60 89.40 89.40 

 

From Table 5, it can be found that the fitted curve is at least 75% accurate. As the order of 

polynomials increases, the accuracy of training and testing gradually improves, up to about 

91%. However, when the order of polynomials is extremely high, the fitted curves will lose the 

capability of generalization. For the fitted curve of 90 kHz scenarios, the datasets could only 

reach a maximum of 90% accuracy using 10th polynomials. When this fitted curve was tested 

with 92.5 kHz datasets, it was found that the maximum accuracy was about 84.5%. This 

indicates that the fitted curve of 90 kHz does not work well for datasets from other excitation 

frequencies. For the 90-110 kHz fitted curves, training, and test accuracy are very close to the 

highest about 90%, which happens in the 10th polynomial fitted curve (viz. Figure 17(b)). 

Although the 10th polynomial fitted curves always resulted in improved accuracy for both 

training and testing, the curves became unsmooth and overfitted, which made these curves lose 

generalizable. Therefore, we can conclude that the fitted curves have the potential to describe 

the relationship between damage width and back-scattered CLT0 at different frequencies, but 

the training and testing accuracy and the capability of generalization need to be improved. 
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(a)                                                                                        (b) 

Figure 17. (a) 10th polynomial fitted curve for 90 kHz; (b) 10th polynomial fitted curve for 90-110 kHz. 

 Feasibility studies 

4.3.1. Robustness of the algorithm  

In this subsection, the robustness of the proposed GW-SHMnet is tested. It was first trained 

by Group 5 datasets from sensor 0 of Passive PA under 11 scenarios. We then added different 

levels of Gaussian noise, which is used to simulate the effects of environmental noise and 

inhomogeneous material properties on the signal, onto the testing data and used the trained 

model to quantify damage size. We illustrate the difference between the original test data and 

that with 10% and 50% noise levels in Figure 18. It can be seen that with 50% noise, the signal 

data becomes significantly different, while 10% noise does not change the original signal much. 

 

Figure 18. illustration of the original data and the data with different noise levels: (a) 10%; (b) 50%. 

Note that the goal of the simulations was to create a benchmark dataset to test GW-

SHMnet’s ability to evaluate the damage size under different excitation frequencies. However, 

in practice, the difficulty of detection will mostly depend on the available signal-to-noise ratio 

(SNR) of the measurements. Therefore, to test GW-SHMnet at increasing levels of difficulty, 

five different levels of noise were added in post-processing by superposition to the simulation 

results. 

To achieve reliable results, we implemented 30 repeated tests on the quantitative damage 
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evaluation using the data with 20%, 40%, 60%, 80%, and 100% Gaussian noises. The statistical 

results are summarized in Table 5 which indicates that the quantitative evaluation of damage 

using GW-SHMnet is reliable with an accuracy of more than 98% and a standard deviation of 

0.71% in the case of 60% noise of the test data. Even in the case of 100% noise, the accuracy 

can reach 95%. 

Table 6. Average results when random Gaussian noise with distinct levels were added to the testing data 

with 30 repeated tests. 

Noise level 
(%) 20 40 60 80 100 

Mean ±SD 99.25%± 
0.49% 

99.04%± 
0.48% 

98.41%± 
0.71% 

97.54%± 
0.57% 

95.37%± 
0.71% 

SD: standard deviation 

4.3.2. Comparisons 

Comparing the results of the proposed approach and that of the curve-fitting approach, the 

effectiveness, efficiency, and robustness of GW-SHMnet are advantageous. Especially, the 

overall accuracy of GW-SHMnet by using ‘Group 5’ data from any one sensor can achieve 

100%, and it is over 95% even by adding 60% Gaussian noise to the testing data. In contrast, 

the maximum accuracy of the conventional curve-fitting approach is around 90%. Moreover, 

for scenarios with different damage size, the extraction of the amplitude of back-scattered CLT0 

rely on the manually synthesized difference signals from three sensors of Passive PA. Hence, 

evaluating the damage size is rather complicated by using the curve-fitting approach than the 

proposed approach. Therefore, it is recommended to use GW-SHMnet to realize quantitative 

damage evaluation of curved plates in practice.  

4.3.3. Discussions  

It should be noted that the present study used a cylindrical curved plate to assess the 

performance of the proposed approach. For real structures, the curve may be more complex, 

which may lead to more noisy wave propagation signals. Nevertheless, the proposed 

quantitative damage evaluation framework shown in Figure 1 can still work, as long as the 

numerical models can accurately represent wave propagation in the plates. Numerical 

simulations of more complex plates, such as wind turbine blades, are out of the scope of this 

study but will be our future work. 

Theoretically, damage of any shape will obstruct the forward propagation of PAGW and 

cause proportional damage reflected wave. The larger the size perpendicular to the direction of 

PAGW propagation, the greater the extent of the wave that will be reflected. Therefore, the 

proposed method is promising to identify damage with irregular shapes. The applicability of 

the proposed method under different shapes of damage, such as triangles/circles/trapezoids, is 
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worthwhile investigating in the future.  

5. Conclusions 

This paper proposed a novel damage evaluation approach to quantitatively assess the 

damage size, and its performance was compared with the conventional curve-fitting method. 

The focusing theory of the PAGW was implemented as the pre-processing procedure of non-

destructive testing of the curved plate for its wave energy focusing/steering capability to 

amplify the damage reflections. Damage-reflected waveform, the amplitude of back-scattered 

CLT0, was found and extracted in both numerical and experimental studies. The experimental 

results demonstrated that the FE model can be used to generate the database for the proposed 

approach. Based on the FE numerical dataset, a state-of-the-art network was optimized to 

generate GW-SHMnet, together with fitted polynomial curves. The quantitative damage 

evaluation results demonstrate: 

1. Automatic damage evaluation of curved plates can be achieved by using the proposed 

approach, which integrates the advantages of the PAGW and deep learning algorithm. 

2. GW-SHMnet is effective and efficient in quantitative damage evaluation, with 100% 

accuracy in laboratory test cases, using 3 convolutional blocks and at least 5 group test data 

from any one sensor as training. Meanwhile, GW-SHMnet is robust when the testing data are 

smeared with Gaussian noise. Even under 100% Gaussian noise, the quantitative damage 

evaluation can achieve an accuracy of over 95%.  

3. The classic curve-fitting method evaluates the damage size by establishing the 

relationship between the damage-reflected waveform and damage size successfully. Its 

maximum accuracy is up to about 91%. Compared with the traditional curve-fitting method, 

the accuracy of the deep learning approach has improved by about 10% in our study. 

Overall, our results demonstrate the potential of the proposed approach as an effective tool 

for quantitative damage evaluation by incorporating a state-of-the-art network with high-

precision PAGW. This non-invasive, effective, and accurate damage evaluation method 

provides opportunities for diagnosing and assessing a broad range of curved plates in a true 

phased-array control format. Future research efforts may be placed on (1) increasing the number 

of PAGW elements with advanced electronic control to realize the automatic scanning of plates 

in practice; and (2) the application of the proposed approach to more complex curved plates, 

such as those with irregular damage shapes. 
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