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An effective nondestructive evaluation technique that enables the detection and quantification of subsurface
defects is highly demanded for assuring safety and reliability of safety-critical structures. In this work, an

improved genetic algorithm-back propagation neural network (GA-BPNN) model and non-contact laser ultra-
Neural network sonic technique are combined to quantify the width of subsurface defects. An experimentally validated numerical
Subsurface defect . . . . . . .
NDE model that simulates the interaction of laser-generated Rayleigh ultrasonic waves with subsurface defects is
firstly established, which is further utilized to generate a large number of labeled laser ultrasonic signals for
training the GA-BPNN model. A total number of 189 data are obtained from simulation and experiments, with
173 simulated signals for training the GA-BPNN model and the remaining 13 simulated signals together with 3
experimental signals for verifying the performance of the trained GA-BPNN model. Five features including three
time-domain features (maximum, minimum and peak-to-peak value of the Rayleigh ultrasonic waves) and two
frequency-domain features (F., BW.gqp), which are identified sensitive to the width of subsurface defects by both
experiments and simulation, are extracted as inputs to train the machine learning algorithm. The result dem-
onstrates that the GA-BPNN model trained with the combination of time and frequency features has the average
error of 2.15%, which is substantially smaller than the errors obtained from the model trained with only time-
domain features and frequency-domain features, with the average errors of 4.43% and 21.81%, respectively. This
work proves the feasibility and reliability to quantify the width of subsurface defects in metallic structures using
laser ultrasonic technique and the improved GA-BPNN algorithm.

Rayleigh ultrasonic wave

1. Introduction

The subsurface defects that near but not exposed at the surface of
structures will gradually grow into a series of large defects unnoticed,
and may ultimately cause catastrophic accidents if not detected in
advance [1,2]. Therefore, an effective nondestructive evaluation (NDE)
technique that enables the detection and quantification of subsurface

defects is crucial and highly demanded for assuring safety and reliability
of safety-critical structures. Ultrasonic inspection is a well-established
technique for identifying and evaluating internal defects of structures
of various materials [3-5], such as multilayered bonded composites,
friction stir welded joints [6-8]. However, the conventional ultrasonic
NDE techniques are mostly contact based and require additional
coupling and fixtures for generation and detection of ultrasonic signals
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Fig. 1. (a) The dimension of the Al alloy specimen and experimental condition. (b) The defect types and defect dimensions. L, D and W are abbreviations of defect
height, defect depth to surface, and defect width, respectively. (c) The schematic of the experimental setup for evaluating crack width with ultrasonic waves excited

by pulsed laser and detected by a laser interferometer.

[9], which is not feasible in harsh environment. The pulsed laser
generated ultrasound (laser ultrasonics) is considered as a promising
approach in ultrasonic NDE because of its advantages in non-contact
generation and detection [10]. Unlike the piezoelectric ultrasonic
technique with contact based measurement, the laser ultrasonic tech-
nique, with ultrasonic waves generated and detected by lasers, is purely
a non-contact detection method. Therefore its detection performance is
not affected by the environment factors, such as high temperature,
heavy electromagnetic interference, etc. [11,12], and enables accessi-
bility to limited and complicated structures [13-15].

The laser ultrasonics, using a pulsed laser to generate ultrasonic
waves and adopting a wide band laser coupled to an interferometer to
measure the surface displacements of solids, has been implemented for
inspecting structural materials with various defects. Liu et al. [16]
investigated a free contact dual laser ultrasonic system to detect fatigue
crack using a nonlinear ultrasonic modulation technique. Valle et al.
[17] analyzed the length and location of surface-breaking defect with
varied branched geometries by investigating the behavior of far-field
reflection and near-field enhancement with cracks. Guo et al. [18]
studied micro-defects detection on aluminum plates using Raleigh
waves generated by laser. Zhang et al. [11] used the pulsed laser
generated guided waves to characterize disbonded joints in a bonded
composite. The above-mentioned work involves establishing the linear
relationship between defect sizes and the parameters of the received
ultrasonic signals, and estimates the defect sizes by comparing the ul-
trasonic signals with that from non-defect samples. However, in most
cases, the correlation between defect sizes and ultrasonic signal is not
linearly correlated and it is expensive and time-consuming to obtain
such correlation experimentally. The emerging advances in simulation
enables mitigating the labor operation and time consumption of acqui-
sition a large number of labeled samples from experiment. Meanwhile,
the detection accuracy and efficiency can be improved to a great extent
by means of machine learning algorithm when a large number of labeled
samples from experimentally validated numerical simulation are
available.

The machine learning methods such as artificial neural networks
solve complex problems by constructing computational models that
mimic the human brain. In recent years, neural networks have been
widely implemented in the NDE area and extensive research has been
conducted for defects identification [19,20]. Yang et al. [21] proposed a
method to evaluate the depth and orientation of initial defect in the

turbine discs combining artificial neural networks (ANN) and phased
array ultrasonic transducer technique. Deng et al. used kernel-based
principal component analysis (KPCA) algorithm and extreme learning
machine (ELM) to extract the defect parameters of the eddy current
signals to identify and classify cracks [22]. Kesharaju et al. [23] estab-
lished an on-line quality detection system based on feed-forward neural
network and ultrasonic sensing technique to detect, locate and classify
various manufacturing cracks. The above work demonstrated that ma-
chine learning algorithms (such as neural networks) have been well
implemented for various NDE application. The neural network algo-
rithm has also been reported in the laser ultrasonic applications. Chen
et al. [24] applied pulsed laser and piezoelectric probe to generate and
receive ultrasound, and combined improved BP neural network to detect
different types of cracks. Bagheri et al. [25] combined the hybrid
laser-immersion transducers system and unsupervised neural network
for the classification of defects type. Chen et al. [26] proposed the
combination of machine learning algorithms and processed plasma
emission spectra to detect and classify defects. However, the above work
mainly utilized the machine learning algorithms (such as support vector
machine, SVM) and laser ultrasonics for the classification of defects
type, not to quantitatively evaluate the size of defects. Li et al. [27]
recently reported a study by using numerically simulated scanning laser
source data and machine learning to identify and quantify surface
breaking cracks. However, this work investigates the surface cracks,
which is more accessible compared with subsurface defects. In addition,
it is a pure simulation work and the established numerical model is
without experimental verification, which substantially affects the
feasibility of the machine learning classifier trained by the labeled
samples from numerical simulation. To evaluate the subsurface defects
using non-contact laser ultrasonic technique and machine learning
method, the validated numerical model and reliable machine learning
algorithms with sensitive features reflecting the defects are highly
demanded.

In this work, an effective nondestructive evaluation technique that
enables the quantification of subsurface defects of metallic structure is
developed by the combination of the improved genetic algorithm-back
propagation neural network (GA-BPNN) model and non-contact laser
ultrasonic technique. The subsurface defect is defined as the defect with
depth within one wavelength of laser generated Rayleigh ultrasonic
waves. The experimentally validated numerical model that is based on
the finite element method (FEM) is firstly established to simulate the
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Fig. 3. The flow chart of the combination of the GA-BPNN model and laser ultrasonic technique for evaluating the width of subsurface cracks. (a) Numerical
simulation. (b) Feature extraction. (c) GA-BPNN model evaluation.
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Fig. 5. Simulation results of laser generated ultrasonic waves propagation in the specimen without and with subsurface defects. (a) Wave detection at propagation
distance of 5 mm (without crack). (b) Wave detection at propagation distance of 10 mm (without crack). (c) Wave detection at propagation distance of 5 mm (2 mm
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Table 1
Material properties of Al alloy for numerical simulation.

NDT and E International 116 (2020) 102339

Density Young’s Poisson’s ratio Thermal expansion Thermal conductivity k(Wk/m) Heat capacity Reflection coefficient
p(kg/mg) Modulus 0 a(pK) Cy(JK/kg) R
E(GPa)
2780 71 0.33 23 120 880 0.9
machine learning model. The time and frequency domain features of the
Table 2 . . simulated Rayleigh waves are combined to train the genetic algorithm-
The configuration parameters of the GA-BPNN model. back propagation neural network (GA-BPNN), which is further validated
Parameters Value and tested with a set of hybrid signals from both experiments and
Learning rate 0.015 simulation to predict the width of subsurface cracks. The rest of the
Training goal 0.001 paper is organized as follows: Section 2 describes the laser ultrasonic
Epoch ) 1000 method for evaluating the widths of subsurface defects, including the
Training function trainlm . . .
Transfer function sigmoid experimental and numerical details of laser ultrasound method, and the
Cycle index 10000 improved GA-BPNN machine learning algorithm; Section 3 illustrates
Maxgen 60 and discusses the results of the prediction accuracy of defects width
Selectivity factor 1.0 using the combination of numerical model and GA-BPNN algorithm;
Crossover factor 0.3 Section 4 concludes this work.
Mutation factor 0.1
Population size 40
2. Materials and methods
Table 3 2.1. Specimen and experimental details

The average prediction errors with different features.

Features Time domain  Frequency Time and frequency domain
domain
Average error  4.43% 21.81% 2.15%

interaction of laser-generated Rayleigh ultrasonic waves with subsur-
face defects, which is further used to produce sufficient reliable laser
ultrasonic signals for training and verifying the GA-BPNN model. The
characteristics of the laser generated Rayleigh waves, identified by both
experiments and simulation, which are highly dependent on the width of
subsurface cracks, are extracted as input features for training the
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The aluminum (Al) alloy (2024) plates with various subsurface crack
widths were designed and fabricated for investigation the correlation
between laser ultrasonic signals and defect sizes. Four subsurface defects
with various widths of 0, 2, 3, and 4 mm were fabricated using electrical
discharge machining (EDM) and wire cutting method. Each sample
contains only one artificial crack. The schematic and dimensions of the
specimens and defects are shown in Fig. 1(a and b), and the relatively
large dimension of the plate is to exclude the reflected signals from
boundaries. The schematic of the experimental setup is shown in Fig. 1
(c). A Nd:YAG pulsed laser (Centurion+) with the wavelength of 1064
nm, pulse duration of 12 ns, and pulse energy of 0-50 mJ is used, which
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Fig. 7. ANN coefficient relation. (a) Training. (b) Validation. (c) Test. (d) All value.
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can generate Rayleigh ultrasonic waves with —6 dB bandwidth of 4 MHz
and central frequency of 2.2 MHz (Fig. 6(b)). A laser interferometer
(TEMPO) is applied to acquire the out-of-plane displacement of the ul-
trasonic waves, using an adaptive reference beam and two-wave mixing
in a photorefractive crystal. The pulsed laser beam is shifted and focused
on the specimen plate surface by manipulating the cylindrical mirror
and convex lens. The laser source is fixed at —5 mm from the center of
sub-surface defects in the X direction and the detector is positioned at
+5 mm from the center of the defect to detect the transmitted Rayleigh
waves [Fig. 1 (a)]. The acquired signals are digitalized by a high-
resolution data acquisition card (DAC) with sampling frequency of
250 MHz, trigged by the NI PXI device, transmitted to a computer to
generate ultrasonic time-domain signals, and averaged over 128 times to
improve the signal-noise ratio. To exclude any effect from surface
roughness, the surface roughness of the specimens is maintained at
about 0.8 pm. The specimens are fixed on the table during laser ultra-
sonic experiments and same boundary condition is implemented for
numerical simulation model.

2.2. Theory and numerical model

2.2.1. Laser ultrasound generation based on thermoelastic mechanism

As the pulsed laser irradiates on the surfaces of Al alloy plates, part of
the energy is absorbed and generates a transient temperature field. The
non-uniform temperature distribution drives the thermal expansion and

NDT and E International 116 (2020) 102339

thermal stresses to generate stress waves. In the thermoelastic mecha-
nism, the laser-induced ultrasonic waves can be described as a thermal
transfer formula and thermoelastic displacement formula:

ﬂCva*T*kVZT =0 (€]
ot
a(31+2u)VT +uV*u +/)%:(2+2}4)V(V-u) 2)

where T is the temperature field in metal material, k represents the
thermal conductive coefficient, C, denotes the thermal capacity, A and u
are the Lame constants, u is the time-dependent displacement vector, p
and «a are the density and thermal expansion factor, respectively. The
heat source Q can be described as:

0=1(1-R)f(x)g(1) 3)

where I is the power density of the incident laser, R represents the
reflection coefficient of the material surface. g(t) and f(x) are the tem-
poral and spatial distributions of the laser pulse, respectively, which can
be expressed as:

2
)= exp( - ;‘-) @

gl =exp(-x") 5)

where xy is laser spot radius, 7 is the rise time of the pulsed laser. The
temperature field and displacement field initial conditions can be
expressed as:

T(x,y,1)|,_o=0, T(x,y,1)|_o=300K 6)

U(x,y, )], =u(x,3,1)],, =0 @

For most metallic materials, the boundary condition at the irradiated
region z = 0 is written as

njoc — (32 +2u)aVT-1=0 (8

where n is the normal unit vector of the material surface, o is the stress
tensor, and I is the unit tensor.

2.2.2. Numeric simulation
According to equations (1) and (2), the thermodynamic equations
can be described as:

(K] {T} + [K|{T} = {P1} + {P2} )

Where [Ky] is the conductivity matrix, {T} is the temperature vector,
{P1} is the heat flux vector, {P5}is the heat source vector, [K] is the heat
capacity and {T} is the temperature rise rate vector.

For ultrasonic waves propagation, the damping is neglected and the
finite element formula can be defined as:

(KI{U} + M]{U} = {Fex } 10

where [K] and [M] are the stiffness matrix and mass matrix, {U} and

{U} are the displacement vector and acceleration vector, and {Fext} is
the external force vector that can be represented as:

/V [B]"[E]{eo}dV 11

where [E] is the matrix of material parameters, {g¢} is the thermal strain
vector, and B]" is the transpose of the shape function matrix. The
specified calculation procedure of FEM can be acquired in the literature
[8,28].

The numerical model is established using a commercial finite



K. Zhang et al.

element software Comsol Multiphysics to simulate the generation and
detection of laser ultrasonic waves on Al alloy plates, with artificial
subsurface cracks of various dimensions. The rectangle subsurface
cracks are modeled with fixed height and depth of 1 mm, and width
varied from 0 to 6 mm in the X direction with step size of 0.2 mm, shown
in Fig. 1 (a). The laser source is fixed at —5 mm from the center of the
sub-surface defect in the X direction and the detector is positioned at +5
mm from the center of the defect [Fig. 1(a)]. All the parameters with
regards to the laser power density, rise time, pulse duration are set the
same as experimental conditions. The material properties of the Al alloy
for simulation are listed in Table 1.

As the convergence of simulation solution is substantially affected by
the temporal and spatial resolution of the proposed model. The accuracy
and computing time are decided by the iteration time step of the nu-
merical simulation and a proper time step (At) of the numerical simu-
lation can be determined [20].

1

At=
20fmax

(12)

where fnax is the highest frequency of the ultrasound. As the element
type is crucial to determine the fidelity of numerical simulation, the
quadrilateral elements with four nodes are applied. Generally, the mesh
size is more than 10 nodes in a wavelength [29].

_ jvmm

Lo=—-
10

13
where Ay is the shortest wavelength of laser-generated ultrasound and
L, is the mesh size.

Therefore, the time step is set to 4 ns and the mesh size near the laser
irradiation area is set to 2 pm, while the maximum size of elements away
from the heated-affected area is set to 20 pm, which can meet the change
of temperature gradient, meanwhile save computation time and guar-
antee the continuous spread of ultrasound. The low-reflecting boundary
condition is applied on both sides of the model to suppress the reflection
of ultrasound waves. The numerical simulation time is set to 10 ps,
which is enough to detect the transmitted waves. In our model, the node
displacement at the detection location is extracted for the acquisition of
ultrasonic signal, and no additional sensor model is therefore needed. To
predict the width of different defects, thirty-one cases were generated
with the widths of subsurface defects range from 0 to 6 mm, with an
increment of 0.2 mm.

2.3. GA-BPNN evaluation technique

The artificial neural network (ANN) is an artificial intelligence
method that mimics the operation and computational performance of
human brains, which can reflect the latent linear or nonlinear re-
lationships between input and output data [30]. ANN can obtain in-
formation by training vast amount of data. The most commonly used
algorithm for training the ANN is back propagation neural network
(BPNN) [31], which is a supervised learning method for dealing with a
complex system and nonlinear problem, firstly presented by Rumelhart
[32]. Although BPNN has good predictive performance, some draw-
backs such as over-fitting, local minima and longer training time still
exists [33,34]. In order to improve its performance, the genetic algo-
rithm with global stochastic search capacity is applied to optimize the
original biases and weights of BPNN to avoid local convergence and
obtain accurate solutions [35,36]. The global optimum solution is ac-
quired by genetic algorithm, and Fig. 2 shows the flow chart for opti-
mizing BPNN model with genetic algorithm. As an evolutionary
optimization technique, genetic algorithm starts with initial population
(initial solution), develops toward the global optimal solution, and stops
searching when the stopping condition is satisfied [37]. The quality of
the global optimal solution relies highly on the preliminary solution fed
to the GA-BPNN model. In the case of random evolution (in Fig. 2), a

NDT and E International 116 (2020) 102339

series of stochastic individuals are taken as the initial solution (initial
population), which can be deciphered to biases and weights [38,39].
The mean absolute percentage error (MAPE) [19] is selected as fitness
function to calculate the fitness values of all individuals.

_1AE - P
MAPE = ; =

J

(14)

Where k is the total number of network output nodes, E; and P; are the
expected value and predicted value of the j-th node, respectively. The
excellent with high fitness value can be obtained from the initial pop-
ulation through select, crossover and mutation operation. Individuals
with better adaptability (high fitness value) are retained, the population
evolves repeatedly, and the global optimal solution is obtained finally.
After meeting the termination condition (goal value or the maximum
number of executions), the optimal solution is decoded to the optimal
weights and biases, and the neural network model is trained to achieve
goal value. The complementary advantages can be achieved after
combining the genetic algorithm with the BPNN.

The performance of the GA-BPNN model for estimating the width of
the subsurface crack can be appraised by using the following statistical
indicators [40-42]: (i) Mean Absolute Error (MAE); (ii) Willmott’s Index
of Agreement (WID); (iii) Root Mean Square Error (RMSE); (iv) Coefficient
of Determination (R?). The range of MAE and RMSE is between 0 and 1,
and smaller values indicate better evaluation performance of the
network model, and vice versa [43,44]. The range of R? and WI is be-
tween 0 and 1, and the larger values indicate better reliability of the fit
model [45].

Fig. 3 shows the flow chart of the combination of the GA-BPNN
model and laser ultrasonic technique for evaluation the width of sub-
surface cracks. The numerical simulation model is firstly established and
experimentally validated for training the neural network model [Fig. 3
(a)]. The sensitive features in time and frequency domain of the Ray-
leigh ultrasonic waves are identified from experiments, and are extrac-
ted to represent the linear or non-linear relationship between the
detected ultrasonic signal and various defect widths [Fig. 3(b)]. The GA-
BPNN model is utilized to evaluate the crack width by using the estab-
lished data set [Fig. 3(c)].

3. Results and discussion
3.1. Experimental results and numerical model validation

In this work, the interaction of laser-generated ultrasonic waves with
various subsurface defects (crack width of 0, 2, 3 and 4 mm) is experi-
mentally explored. Fig. 4 shows the representative time trace of the
laser-generated ultrasonic waves, where L denotes the surface-skimming
longitudinal wave identified by the measured velocity of 6100 m/s and
Rt indicates transmitted Rayleigh ultrasonic waves, identified by the
measured velocity of 3100 m/s. The experimental results show that
Rayleigh ultrasonic waves are much stronger and more sensitive with
the width of subsurface cracks compared with the longitudinal waves
(by comparing the experimental ultrasonic signals from specimen with
crack width of 0, 2, 3, 4 mm). It is therefore the Rayleigh ultrasonic wave
is selected for training the neutral network and crack width evaluation
in subsequent study.

To achieve reliable results, a significant amount of data is required
for training the GA-BPNN model. However, it is extremely expensive and
time consuming to acquire the training data from experiments. There-
fore, a reliable and validated numerical model should be established to
obtain enough data for training the neural network model. In this work,
the simulations were conducted with the same parameters as experi-
ments. The simulated and experimental data are normalized for com-
parison and the results show that the signals from simulation and
experiment (from specimen with and without cracks) are in good
agreement, with only very small fluctuations (Fig. 4). It therefore
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suggests that the simulation model established is validated and it is
reliable to use this simulation model to substitute experiments to obtain
sufficient training data.

The propagation of the laser generated ultrasonic waves on the Al
alloy plates is simulated, and both longitudinal waves (L) and Rayleigh
ultrasonic waves (Rt) are observed (Fig. 5). For specimen without de-
fects, the Rayleigh ultrasonic waves show no significant differences
between two propagation distances, and no reflected waves are
observed [Fig. 5(a)-(b)]. For specimen with subsurface cracks, the re-
flected Rayleigh ultrasonic wave (Rr) from cracks appear [Fig. 5 (c)—
(d)]. A considerable part of the wave energy is reflected away by the
crack resulting in significant attenuation in the transmitted Rayleigh
ultrasonic wave compared with the intact specimen [Fig. 5(b)-(d)]. The
variation in amplitudes of ultrasonic signals indicates that the Rayleigh
ultrasonic waves contain the crack width information.

3.2. Feature extraction

Feature selection and extraction play essential role in training the
neural network model. The most sensitive features relating to the width
of subsurface cracks should be extracted from the transmitted Rayleigh
ultrasonic waves to train the GA-BPNN model for automated crack
detection and dimension evaluation. The experimental and simulation
results (Fig. 3) show that the maximum, minimum and peak-to-peak
value of the Rayleigh waves are substantially affected by the width of
the subsurface cracks and are therefore selected as the sensitive features,
shown in Fig. 6(a). The corresponding frequency spectrum is shown in
Fig. 6(b). F1 and F are the lower and upper frequency corresponding to
half of maximum amplitude, and the BW_ggp (obtained by Fo-F;) is
selected as one frequency domain feature. The central frequency F.
calculated by F.= (F1+F2)/2 is adopted as the other frequency domain
feature. Therefore, five features are selected for training the GA-BPNN
model, including three time-domain features (maximum, minimum,
peak-to-peak value) and two frequency-domain features (F. and BW.
6dp)- To ensure the accuracy and robustness of the neural network, 5
varying levels of Gaussian random noise (1%, 2%, 3%, 4%, 5% relative
to the original data) are added into the features, respectively, for
expanding the data sets.

3.3. GA-BPNN training and testing

The trial and error method is implemented to determine the opti-
mum structure of the machine learning model, which can reduce over-
fitting to a great extent. According to the optimum structure of GA-
BPNN model in this study is determined as 5-11-1 (5 neurons in the
input layer, 11 neurons in the hidden layer and one neuron in the output
layer) and Table 2 shows the parameters of the GA-BPNN model for
prediction the width of subsurface cracks.

A total number of 189 data are obtained from both simulation and
experiments. The simulated data are comprised of 31 sets with crack
width varying from 0 to 6 mm in steps of 0.2 mm, and each set is
comprised of original data and contaminated data with 5 varying levels
of Gaussian random noise. The experimental data are comprised of 3 sets
with crack width of 2, 3 and 4 mm. The dataset with five features are set
as the inputs and one parameter (the width of cracks) is set as the output
of the GA-BPNN model. The 186 simulated data are randomly separated
into 173 training data for training the neural network to obtain the
optimized weights and biases, and the remaining 13 simulation data and
3 experimental data (crack widths of 2, 3, and 4 mm) are used for testing
the performance of trained network.

3.4. Evaluation results
In order to illustrate the influence of feature selection on the pre-

diction accuracy of defect width, the average prediction errors using
only time domain features and frequency domain features, are compared
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with the prediction error using the combination of time and frequency
domain features. The comparison is shown in Table 3 and it demon-
strates that the GA-BPNN model trained with the combination of time
and frequency features has the minimum average error of 2.15%, which
is substantially smaller than the errors obtained from the model trained
with only time-domain features and frequency-domain features, with
the average relative error of 4.43% and 21.81%, respectively. It there-
fore concludes that it is more reliable to select the combination features
for predicting the defect width using GA-BPNN model.

Fig. 7 shows the training performance of the GA-BPNN model using 5
features (time and frequency domain). It shows that all the data
following the linear slope of 1, which indicates that there is no signifi-
cant overfitting from the training, validation and testing of the GA-BPNN
model, suggesting the performance of the model is stable and well.
Based on the well-trained GA-BPNN model, the remaining 16 testing
data including 13 simulation data and 3 experimental data is applied for
evaluating the prediction performance of the network.

Fig. 8(a) shows that the predicted results including 13 simulation
data and 3 experimental data are well located along the straight line
with the slope of 1, indicating that the predicted crack widths are
approximately the same as the actual value for both simulated and
experimental signals. Fig. 8(b) shows the relative errors of the predicted
defect widths that are all below 6% and the average error is 2.15%. Such
low errors suggest that the combination of GA-BPNN model and nu-
merical simulation is a cogent tool for evaluating the width of subsurface
defects using laser ultrasonic technique.

4. Conclusion

In this work, an effective nondestructive evaluation method that
enables the quantification of subsurface defects of metallic structure is
proposed by the combination of an improved genetic algorithm-back
propagation neural network (GA-BPNN) model and non-contact laser
ultrasonic technique. An experimentally validated numerical model is
firstly established to simulate the interaction of laser-generated Rayleigh
ultrasonic waves with subsurface defects, which is subsequently utilized
to generate a large number of labeled laser ultrasonic signals for training
the GA-BPNN model. Five sensitive features including three time-
domain features (maximum, minimum and peak-to-peak value of the
Rayleigh ultrasonic waves) and two frequency-domain features (F., BW.
6dp) from 173 simulated signals are extracted for training the GA-BPNN
model, and 13 simulated signals and 3 experimental signals are utilized
as testing set to verify the performance of the trained GA-BPNN model.
The GA-BPNN model trained with the combination of time and fre-
quency features has the average error of 2.15%, which is substantially
smaller than the errors obtained from the time-domain features and
frequency-domain features, with average errors of 4.43% and 21.81%,
respectively. This work proves the feasibility and reliability of the
combination of GA-BPNN algorithm and numerical simulation to iden-
tify the width of subsurface defects using laser ultrasonic technique. In
the future work, the developed method will be implemented for evalu-
ating other damage cases, for instances, defect positions, defect heights
and depths.
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