
Research Article

Zhiyuan Wang, Long Chen*, Chenyang Zhu, Zhanqiang Liu, and Qinghua Song

Optimization method for low-velocity impact
identification in nanocomposite using genetic
algorithm

https://doi.org/10.1515/ntrev-2024-0067
received March 9, 2024; accepted July 6, 2024

Abstract: Fiber-reinforced plastic (FRP) is prone to invi-
sible damage caused by low-velocity impact (LVI) during
service. The structural health monitoring system is of great
significance for damage monitoring and maintenance of
composite materials. In this study, four fiber Bragg grating
sensors were employed to collect the time domain strain sig-
nals of composite materials subjected to LVIs. Furthermore, a
numerical simulation model was established to rapidly obtain
impact signal dataset. The signal arrival time, peak time, and
peak amplitude were selected as signal features, and the back-
propagation neural network was successfully applied to deter-
mine the location and energy of LVIs. To address the issue of
peak feature extraction in the strain signal processing, a
genetic algorithm-based sliding window peak detection opti-
mization method was proposed, which significantly improved
the final prediction accuracy. The experimental results indi-
cated that within a position range of 300mm × 300mm, the
average positioning error can reach 5.1mm; and in an energy
range of 0.5–1 J, the average energy prediction error can reach
0.030 J. The proposed method achieved accurate identification
of the LVI location and energy for FRP.

Keywords: fiber-reinforced plastic, fiber Bragg grating sensor,
structural health monitoring, low-velocity impact, genetic
algorithm, backpropagation neural network

1 Introduction

Due to the advantages of lightweight, high strength, high
rigidity, corrosion resistance, and fatigue resistance, fiber-
reinforced plastic (FRP) has found extensive applications
in various fields such as aerospace, automotive manufac-
turing, military, and construction materials [1,2]. However,
during service, FRP is susceptible to damage from low-velo-
city impacts (LVIs) [3]. These damages are often difficult to
detect by the naked eyes, and the damage mechanism is
influenced by the impact energy and shape of the impactor
[4,5], making it challenging for conventional detection
methods to rapidly and accurately assess the damage situa-
tion. In response, structural health monitoring (SHM) has
evolved to ensure the safe use of materials by establishing
a distributed sensor network on the surface or within the com-
posite material for the monitoring of structural health [6–9].

In recent years, researchers have performed a sub-
stantial amount of research work on SHM of composite
materials. Katunin and Przystałka [10] employed fractional
discrete wavelet transform and modal shape displacement
for damage detection in composite material plates. Based
on Lamb wave delamination scanning technology, Prasad
et al. [11] introduced a composite material damage moni-
toring method. By considering the anisotropic and attenua-
tion characteristics of composite plate, they obtained
optimized delamination images of composite plate. Liu et al.
[12] established an integrated distributed eddy current
sensor network, successfully developing a method for quan-
titative prediction of hole edge damage in composite mate-
rial bolted joints. de Castro et al. [13] studied the noise signal
shielding capability of different signal processing methods
in composite material damage determination based on elec-
tromechanical impedance technology. Saeedifar et al. [14]
explored impact damage in different composite materials
under quasi-static indentation and LVI loads using acoustic
emission technology. Employing a multi-modal excitation
approach based on vibration acoustic modulation tech-
nology, Loi et al. [15] achieved local damage detection in
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composite beams successfully. These methods have utilized
various signal processing techniques for the SHM of com-
posite materials. However, challenges arise in practical
engineering applications, particularly concerning feature
extraction, pattern recognition, and rapid decision-making
based on extensive data. These issues often present obsta-
cles to traditional health monitoring methods.

Due to the powerful data processing capabilities, flex-
ible adaptability, and strong predictive performance,
machine learning is increasingly used to optimize SHM for
composite materials [16]. Based on deep transfer learning
techniques, Liu et al. [17] integrated monitoring data with
physical mechanisms, proposing a stable and scalable struc-
tural damage detection framework for carbon fiber-rein-
forced plastic plates (CFRP). Moradi et al. [18] used semi-
supervised deep neural networks for feature fusion of
time and frequency domain characteristics of composite
plate, extracting higher-quality intelligent health indicators.
Johnson [19] employed principal component analysis (PCA)
to effectively distinguish the acoustic emission responses of
composite material matrix cracking and local delamination.
A numerical program that utilizes the particle swarm opti-
mization (PSO) technique was proposed by Jebieshia et al. [20].
It monitored and quantified damage in composite beams and
plate-like structures by detecting changes in vibration response
parameters caused by damage. Majumdar et al. [21] predicted
damage locations and quantities in truss-like structures using
ant colony optimization algorithms based on changes in the
natural frequencies of composite materials. Using PCA to com-
press the frequency response data of materials, Zang and
Imregun [22] employed artificial neural networks (ANN) to
differentiate between the healthy and damaged states of com-
posite materials. McCrory et al. [23] conducted research on the
identification performance of three acoustic emission classifi-
cation techniques: ANN, unsupervised waveform clustering
(UWC), and modal assurance criterion. The results indicated
the advantages of ANN and UWC in distinguishing between
multiple damage categories. These methods have exhibited
good reliability, but often necessitate external equipment and
human involvement, resulting in high costs and difficulties in
achieving the practical monitoring of structural health status.

Fiber Bragg grating (FBG) sensors, due to their advan-
tages of high sensitivity, strong interference resistance,
good flexibility, and multiplexing capability, are often com-
bined with ANN for real-time SHM of FRP [24–27]. A binary
dynamic stochastic search (BDSS)-support vector regres-
sion (SVR) positioning method was first introduced by
Liu et al. [28], which combines the BDSS algorithm with
SVR, effectively enhancing the accuracy of LVI positioning
in composite materials. Califano et al. [29] introduced a
real-time SHM method for composite structures based on

ANN and FBG sensors. This method relies on the correla-
tion of strains at various material locations and offers a
lower computational cost. A composite material SHM system
based on dynamic strain measurements was introduced by
Panopoulou et al. [30]. The discrete wavelet transform was
employed to extract joint time–frequency domain features
from FBG sensor signals and an ANN was employed for
damage location identification. It achieved an accuracy of
86% in location recognition. Shen and Tian [31] used PSO to
optimize an ANN for the identification of static load loca-
tions in fiber-reinforced composite structures. Wen et al. [32]
processed FBG sensor signals using fast Fourier transform
and PCA techniques. They employed a backpropagation (BP)
neural network to achieve impact positioning in CFRP, with
an average positioning error of 21mm. The SHM scheme
based on FBG sensors and ANN has the advantages of
high accuracy, fast response, and good adaptability, and
the processing of FBG sensor signals is one of the keys to
improve the monitoring performance.

Based on the above research, this article proposed a
new method for the joint recognition of impact location
and energy in FRP, utilizing FBG sensors and BP neural
network. This method selects signal arrival time, peak
time, and peak amplitude of the strain signals collected
by FBG sensors during LVIs as signal features, and a BP
neural network is employed for impact location and energy
prediction. Furthermore, to address the issue of feature
peak selection, a genetic algorithm (GA) is utilized to opti-
mize the parameters of sliding window peak detection,
resulting in a more representative peak feature extraction
scheme. The results indicate that using signal arrival time,
peak time, and peak amplitude as features enables the pre-
diction of impact location and energy in FRP under LVIs.
Furthermore, after using GA to optimize the parameters of
sliding window peak detection, the accuracy of impact loca-
tion and energy prediction reaches a high level.

The highlights and contributions of this study are as
follows:
• A joint prediction scheme for LVI location and energy
based on FBG sensors and BP neural networkwas designed.
The normalization of input dataset was employed to miti-
gate the impact of feature scale differences on neural net-
work training.

• Complex feature definitions were avoided, and the predic-
tion of LVI on FRPwas successfully achieved by using signal
arrival time, peak time, and peak amplitude as features.

• The GA was innovatively employed to automatically search
for an optimized feature peak extraction scheme. This sig-
nificantly improved prediction results and enhanced the
method’s generalizability for addressing various engi-
neering problems.
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• The effectiveness of four different optimization algo-
rithms in the optimization of signal feature peaks were
compared, and the reason for differences in prediction
performance was discussed.

The remaining sections of this article are structured as
follows: In Section 2, an experimental system for LVI on FRP is
set up, and simulations are performed on ANSYS Workbench
2023. This section also presents a detailed description of the
initial selection of time-domain features to predict impact
location and energy. Section 3 delves into the principles of
the GA and provides evidence of the remarkable effects and
unique advantages of applying GA to optimize peak feature
extraction. Lastly, Section 4 offers the article’s conclusion.

2 Preliminary prediction of LVI

2.1 Experimental setup

To investigate the response of composite materials to LVIs,
an experimental setup for LVI on composite material plate was
constructed, as shown in Figure 1(a). The experimental setup
consisted of a composite material plate, a metal ball, four FBG
sensors, fixtures, a grating demodulator, and a computer.

The composite material was manufactured using a hot
press molding process. The lining was T300 unidirectional
fabric (carbon fiber) produced by Japan Toray Industries,
Inc., arranged in [0/90]3s cross-ply configuration with a
thickness of 0.25 mm per layer. The plate had 12 layers in
total. Resin was utilized as the adhesive agent. The compo-
site material plate had dimensions of 500 mm × 500mm ×

3.5 mm and was fixed to the impact platform by fixing all

four edges. To reduce the influence of boundary effects, the
central area of the plate, measuring 300mm × 300mm, was
designated as the testing area.

Four FBG sensors were single optical fiber sensors
produced by Technica Optical Components, LLC (grating
length: 10 mm, central wavelength: 1,555 ± 0.5 nm, strain
range: >15,000 με, and sensitivity: 1.2 pm/με). They were
fixed at the corners of the testing area using epoxy resin,
as shown in Figure 1(b). Different LVIs in terms of location
and energy were generated by adjusting the falling location
and height of the ball (structural steel, R = 15mm). Strain
signals were collected by four FBG sensors. The high-speed
demodulator operated at a frequency of 50 kHz. It was used
to convert the input optical signal into the electrical signal
and performed amplification, filtering, and digitization. The
demodulated signals would be displayed on the computer.

Using the lower-left corner of the plate as the coordi-
nate origin, the horizontal and vertical directions were
defined as the x-axis and y-axis, respectively. In the initial
experiment, the ball’s location and height were adjusted at
the coordinate (150 mm, 150mm) with an energy of 0.5 J,
defining these as the impact parameters (150, 150, 0.5).
Wavelength displacement data from the first 500 sampling
points of the four sensors were collected. Strain waveforms
were plotted in MATLAB based on the provided sensor
sensitivity, as shown in Figure 2.

2.2 Numerical simulation modeling and
validation

To minimize experimental costs and quickly generate a
dataset for LVIs at various locations and energies, finite

Figure 1: Composite material plate LVI experimental setup of (a) experimental platform and (b) sensor arrangement.
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element simulations were performed using ANSYSWorkbench
2023. The LVI behavior of a structural steel ball on the compo-
site material plate was simulated. Table 1 shows the key prop-
erties of the carbon fiber fabric in the finite element model.
The fabric follows the same stacking sequence and size as
before. Figure 3 shows the geometric structure of the model.
The boundary conditions were set as all sides were fixed to
avoid disallowing displacement and rotation of the compo-
site plate. Axial strain sensors were positioned at the corre-
sponding locations on the composite material plate to collect
strain signals.

Proper mesh division is crucial for improving the accu-
racy and stability of numerical computations. The element
sizes of the ball and the plate were set to 4 and 10mm,
respectively, using the peak time and amplitude (collected
by sensor 1, with [150, 150, 0.5] as impact parameters) as
indicators to conduct mesh independence verification. The
results are shown in Figure 4. It can be observed that when
element sizes of the ball and the plate were smaller than 4

Figure 2: Strain waveforms of the composite plate at (a) FBG 1, (b) FBG 2, (c) FBG 3 and (d) FBG 4.

Table 1: Key properties of the carbon fiber fabric

Property parameters Value

Density 1,490 kg/m−3

Young’s modulus X direction 121 GPa
Young’s modulus Y/Z direction 8.6 GPa
Poisson’s ratio YZ 0.4
Poisson’s ratio XY/XZ 0.27
Shear modulus YZ direction 3.1 GPa
Shear modulus XY/XZ direction 4.7 GPa

Figure 3: Geometric structure of LVI simulation model.
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and 10mm, respectively, the numerical calculation results
showed minimal improvement with the refinement of the
mesh. Considering both computational accuracy and effi-
ciency, setting the element sizes to 4 and 10 mm, respec-
tively, was the most appropriate. At this point, the average
mesh quality of the model was 0.9193.

To validate the correctness of the simulation model,
the same LVI parameters of (150, 150, 0.5) were set in the
first impact. Time-domain strain signals collected by four
strain sensors were used to calibrate the model. After fine-
tuning the volume fraction and thickness of the fabric, and
adjusting the solver analysis settings, the simulation data
achieved higher accuracy, as shown in Figure 5. It can be
observed that, compared to the experimental data, the
simulation data exhibit fewer spikes and abrupt changes.
However, the overall trends of the two curves are similar,
and the rise time and peak-to-peak values also match well.
The correlation coefficient measures the linear correlation
between two waveforms and can be used to assess whether
two waveforms are similar over time. Table 2 displays the cor-
relation coefficients between the experimental and simulation

signals at four positions. It can be seen that the correlation
coefficients at each position are 0.8868, 0.9034, 0.8541, and
0.8231, respectively, all close to 1. This indicates a strong
similarity between the two waveforms. Considering that
the experimental signals were also influenced by factors
such as temperature, noise, sensor accuracy, etc., it can be
concluded that the results of the simulation model are
consistent with the real situation.

2.3 Construction of neural network
training set

To construct a sufficiently large input dataset for the BP
neural network to learn the patterns and correlations of
input–output signals, 25 grid points were uniformly selected
within the test area of the composite material plate as
impact points. For each grid point, the ball impacted with
energies of 0.5, 0.75, and 1.0 J, respectively. Consequently, the
neural network’s training set consisted of a total of 25 × 3
samples, as depicted in Figure 6.

The explicit dynamics module was used to solve each
sample model, and the strain data were collected by four
strain sensors. Figure 7(a) shows the signals captured by
FBG 1 for three LVIs with impact energies of 0.5 J, and
impact coordinates of (150, 150), (150, 200), and (150, 300);
Figure 7(b) indicates the signals captured by FBG 1 for
three LVIs with impact coordinates of (150, 150) and impact
energies of 0.5, 0.75, and 1.0 J.

Figure 7(a) shows that for three impacts with the same
energy, the closer the impact is to the sensor, the faster the
impact signal reaches it. The difference in their main peak
is possibly due to the attenuation during propagation.
Figure 7(b) shows that for three impacts at the same
location, larger impact energy results in greater signal
amplitude. These are because in LVIs, signals primarily
propagate in the form of Lamb waves [33]. Lamb waves
are dispersive, and their propagation velocity depends on
the frequency of the waves, material properties, and plate
thickness. Meanwhile, their amplitude is influenced by the
impact energy, material properties, and thickness.

Therefore, the signal arrival time, peak time, and peak
amplitude can be used to reflect the location and energy of
LVIs. Since multiple local peaks appear in the time-domain
signal, for the sake of convenience in the subsequent discus-
sion, the selected local peaks are referred as feature peaks.

Sliding window peak detection is a commonly used
peak detection algorithm. It detects local peaks effectively
by moving a window along the data sequence. It has high
computational efficiency, making it suitable for processing

Figure 4:Mesh independence verification of (a) the ball and (b) the plate.
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large batches of data; it is versatile, as parameters can be
adjusted to adapt to different waveforms; and it has strong
anti-interference capability, allowing for data denoising.
Considering the abundance and complexity of the signals,
this method was chosen for peak detection in this study.
The steps were as follows.

Step 1: Smooth the signal. Smoothing can reduce
spikes in the signal and minimize unnecessary details. In
this study, the moving average method from the “smooth”
function in MATLAB was used for signal smoothing. In this
method, the signal is smoothed by replacing the central
data point of the window with the window’s average value.

Step 2: Determine the size of the sliding window. The
window size decides the influence of the selected peaks. A
larger window can detect wider peaks but may miss narrow
peaks, while a narrower window may introduce noise.

Step 3: Determine the step size. The step size decides
the computational load and detection accuracy. A larger
step can improve algorithm speed but may miss narrow
peaks, while a smaller step may result in multiple detec-
tions of the same peak, wasting computation.

Step 4: Determine the threshold. By setting the lower
limit of the peaks, the threshold decides the significance of
the selected peaks.

Step 5: Based on the parameters mentioned above, a
sliding window peak detection programwas run inMATLAB
to extract the peaks in the strain signal.

By continuously adjusting the parameters, the smoothing
factor, window size, step size, and threshold were determined
to be 10, 50, 2, and 2 × 10−5. Figure 8(a) shows the peaks
captured by sliding window peak detection (collected by
FBG1 [150, 150, 0.5] as the impact parameters). It can be

Figure 5: Experimental and simulation signals of initial impact at (a) FBG 1, (b) FBG 2, (c) FBG 3 and (d) FBG 4.

Table 2: Correlation coefficients of experimental and simulation signals

Position (1) Position (2) Position (3) Position (4)

Correlation index 0.8868 0.9034 0.8541 0.8231
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seen that the four main peaks of the signal were well
detected. The purpose of the preliminary prediction was to
explore the feasibility of using signal arrival time and feature
peaks as signal features. Therefore, themore typical first peak
was chosen as the feature peak tentatively, and the signal
arrival time, the first peak time, and first peak amplitude
were used as signal features, as shown in Figure 8(b).

2.4 Neural network training

Using the peak detection method described above to extract
the signal arrival time, first peak time, and first peak ampli-
tude of the four sensors from 75 samples, a 12-dimensional
input features was formed as a result. Meanwhile, the
impact’s x-coordinate, y-coordinate, and energy were used
as output values for prediction. However, due to the

Figure 7: Strain time domain signals of strain signals with (a) different locations and (b) different energies.

Figure 6: Neural network input dataset composition.
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different data scales for coordinates and energy, larger fea-
ture values would dominate the gradient descent process,
obscuring changes in smaller feature values. This made it
challenging for the BP neural network to comprehensively
learn the relationship between input and output. Therefore,
before applying the target values, it is necessary to nor-
malize the coordinates and energy separately to ensure
that they have a similar scale range. The minimum–max-
imum normalization method, as shown in equation (1), was
used to scale the data to the [0, 1] range:

( )

( ) ( )
=

−
−

x

x x

x x

min

max min

.normalized
(1)

The BP neural network used in the research consisted
of three layers: the input layer, hidden layer, and output
layer, as illustrated in Figure 9. The detailed information is
provided in Table 3. The number of hidden layers and

nodes was determined after continuous testing. ω and θ
represented weights and thresholds, respectively.

The input dataset was fed into the BP neural network
first, before it was automatically divided into training
(70%), validation (15%), and test (15%) sets. The training
set was used to complete the iterative training process,
as depicted in Figure 10. The validation set was used to
prevent overfitting. After completing the neural network
training, the test set error provided a reference for the
neural network’s ability to predict new data since it did
not participate in the training process.

As shown in Figure 11(a), the validation set means
squared error was minimized after the third iteration. This
indicated that the neural network had achieved optimal gen-
eralization performance. Figure 11(b) presents the predictive
curves and correlation coefficients of the best neural network

Figure 8: (a) Signal peak extraction and (b) signal feature extraction.

Figure 9: BP neural network topological structure.

Table 3: Detailed neural network information

Neural network information

Input layer Node number 12
Hidden layer Node number 25

Activation function Tansig
Output layer Node number 3

Activation function Purelin
Training algorithm Trainlm
Learning rate 0.0001
Number of training iterations 1,000
Training objective 0.0001
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for the training, validation, test, and entire dataset. From the
graph (Ⅳ), the neural network’s R-value across the input set

was 0.8551, which was close to 1, indicating good training
performance.

2.5 Generalization ability validation

To validate the feasibility of the proposed method, it is
essential to test the generalization capability of the trained
neural network model, which signifies its predictive capa-
city for new data. To achieve this, within the test area, four
LVIs with random locations and energies were designated
as new test set. Their strain signals were obtained through
the simulation model, and these signals were used to
extract features as input for the neural network. Figure
12 depicts the actual and predicted locations by the neural
network of four samples in the random test set. Table 4
provides the actual energies and predicted energies for
each sample.

Through calculation, when using the trained neural
network for predicting the test samples, the maximum
error in location prediction was 19.9 mm, the minimum
error was 1.9 mm, the average error was 13.2 mm, and
the average error rate was 4.4%. For energy prediction,
the maximum error was 0.131 J, the minimum error was
0.037 J, the average error was 0.076 J, and the average error
rate was 15.2%, all of which reached a good level.

It is evident that using the signal arrival time, first
peak time, and first peak amplitude in the strain signal

Figure 10: BP neural network training flowchart.

Figure 11: (a) BP neural network iteration process and (b) neural network fitting results in preliminary prediction.
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as features to train the BP neural network allows for the
prediction of LVI location and energy. However, in the pre-
liminary prediction, the parameters of the sliding window
peak detection were determined empirically, and the posi-
tions of the feature peaks were manually selected, leading to
uncertainty in the formation of the input dataset, which
subsequently affected the method’s reliability in different
scenarios.

3 Results and discussion

3.1 Selection of feature peaks

In the application of BP neural networks, the quality of the
input dataset significantly affects the network’s predictive
capabilities [34,35]. Extracting features with higher rele-
vance to the target signal to form the input dataset can
help avoid the influence of noisy features. This allows
the neural network to focus more on learning important
features and patterns, enabling it to better understand the
relationship between inputs and outputs. At the same time,
it can prevent the neural network from paying excessive
attention to secondary features in the training samples,
thus preventing overfitting.

In this study, since the signal arrival time is fixed, the
main issue in sample feature extraction is the selection of
feature peaks. This involves how to preprocess the signal
and extract an appropriate number and position of local

peaks as feature peaks to better reflect changes in the
target signal and, in turn, improve the predictive capabil-
ities of BP neural network.

Extracting features with a stronger linear correlation
to the target signal can make it easier for neural networks
to perform pattern recognition. Therefore, multiple linear
regression analysis can be used for an initial evaluation of
the quality of the extracted features. Multiple linear regres-
sion analysis is a statistical method used to study the linear
relationship between multiple independent variables and
a continuous dependent variable. In the process of mul-
tiple linear regression analysis, a linear regression equa-
tion in the form of equation (2) is first formulated, and the
sum of squared errors is set up using the least squares
method as shown in equation (3). Then, a linear system
of equations is obtained for the coefficients and constant
term by taking partial derivatives, which is subsequently
solved to find the linear regression equation.

= + + + +Y b b X b X b Xˆ … ,m m0 1 1 2 2
(2)

( )∑= −Q Y Ŷ .
2 (3)

In multiple linear regression analysis, the goodness of
fit for the model can be represented by the adjusted coeffi-
cient of determination (R2). First, calculate the total sum of
squares (SST) and the residual sum of squares (SSE). Then,
calculate the coefficient of determination (R2). Finally,
obtain R̄2, as shown in equations (4)–(7). R̄2 ranges from
0 to 1, with values closer to 1 indicating a stronger linear
relationship between the independent variables and the
dependent variable. Moreover, due to the introduction of
the degrees of freedom adjustment, R̄2 accounts for the
impact of the number of independent variables on the
fitting performance, which avoids overfitting caused by
an excessive number of independent variables.

( )∑= −y ySST ̅ ,
i

2 (4)

( )∑= −y ySSE ˆ ,
i i

2 (5)

= −R 1

SSE

SST

,
2 (6)

( )= − −
−

− −
R R

n

n p

̅ 1 1

1

1

.
2 2 (7)

Table 4: Actual and predicted impact energy

Actual energy and predicted energy (J)

Sample number ① ② ③ ④

Actual energy 0.5 0.7 0.9 1
Predicted energy 0.5731 0.5689 0.8631 0.9356Figure 12: Actual and predicted impact location in preliminary

prediction.
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Taking the first peak time and amplitude from the
preliminary prediction as multivariate independent vari-
ables, and the X-coordinate, Y-coordinate, and energy of
the target signal as dependent variables, to evaluate the
correlation between the initial input dataset and the three
target signals. Through calculation, when the first peak
was used as the feature peak, the R̄2 between the input
dataset and the target signals are as presented in Table 5.

It can be seen that in the preliminary prediction, the
input dataset showed a good level of linear correlation
with the X-coordinate of the impact, with a correlation
coefficient of 0.90437. However, the initial input dataset
had weaker correlations with the Y-coordinate and, parti-
cularly, the impact energy. This explained the relatively
high average error rate in energy prediction for the test
set in the preliminary prediction. As a result, it is necessary
to optimize the input dataset, and the key is to optimize
feature peak extraction.

3.2 Optimizing feature peak extraction
using GA

GA is an optimization algorithm inspired by the principles
of natural selection and genetics. It searches the solution
space for the optimal or near-optimal solutions to a pro-
blem by simulating genetic operations such as inheritance,
crossover, and mutation that occur in the process of biolo-
gical evolution [36–38]. In the context of feature peak extrac-
tion from strain signals, multiple parameters including
smoothing factor, window width, peak threshold, feature
peak number, and feature peak position have a significant
impact on the quality of extracted features. As a result, GA
can be used to perform combinatorial optimization of these
peak-seeking parameters. This can lead to the extraction
of more typical feature peaks from the signal, thereby
improving BP neural network training and enhancing its
pattern recognition capabilities.

In the process of optimizing peak-seeking parameters
for strain signal using GA, five parameters, including the
smoothing factor, window width, peak threshold, feature

peak number, and feature peak position, were selected to
compose the genotype of each individual. In other words,
each individual’s chromosome carried five genes, and a
region descriptor was used to define the data type and
value range for each gene. The gene responsible for feature
peak position was determined by a decimal parameter.
When deciding which local peak to choose as a feature
peak, this decimal number was converted into a binary
number. Each bit in this binary number determined whether
the corresponding local peak was selected. For example, the
parameter “6” in binary is “110,” indicating that, in feature
peak selection, the first local peak is skipped (corresponding
“0”), while the second and third local peaks can be chosen
(corresponding “1”).

Table 6: Values of hyperparameters in GA

GA parameter Value

Population size 50
Maximum number of generations 50
Gene length 15
Generation gap 0.95
Crossover rate 0.7
Mutation rate 0.05

Figure 13: Optimized feature extraction method.

Table 5: R̄2 between input dataset and target signals in preliminary
prediction

Corresponding variables R̄2

Input dataset and X coordinates 0.9043
Input dataset and Y coordinates 0.7343
Input dataset and energy 0.4991

Optimization method for low-velocity impact identification in nanocomposite  11



During the use of GA, hyperparameters including popu-
lation size, maximum number of generations, gene length,
and the rates of crossover and mutation have a significant
impact on model performance. After continuous testing, the
values of these hyperparameters in the GAwere determined
as shown in Table 6.

The steps of optimized feature extraction method using
GA are shown in Figure 13. First, a random initial population
is generated. Then, the peak-seeking parameters are deter-
mined by the genotype of each individual. Afterward,
feature peaks are extracted from the samples using the
peak-seeking parameters, and the neural network is trained
using the training and validation sets. The fitness function is
determined by the mean squared error (MSE) on the test set
to represent the generalization performance of the trained
neural network. To mitigate the impact of the random selec-
tion of initial weights and thresholds on MSE, the average
MSE of five training runs is taken as the final MSE. Subse-
quently, if the maximum number of generations is not
reached, selection, crossover, and mutation are performed
to generate a new population. If the maximum number of

generations is reached, iteration is stopped and the optimal
individual is obtained.

After 50 iterations, the optimized results of peak-
seeking parameters are shown in Table 7. Figure 14 takes
the sample with impact parameters (150, 150, 0.5) as an
example, showing the selected feature peaks when using
the optimized peak-seeking parameters. It can be seen that
after parameter optimization, the peak-seeking process
enhanced the smoothing of the initial signal, highlighting
the overall trend of the signal. More significantly, after
optimization, the first two local peaks were selected as
feature peaks together. This arrangement was difficult to
discover without optimization.

A multivariate linear analysis was conducted on the
feature peak dataset extracted after optimizing the peak-
seeking parameters and the target signal. The correlation
between the optimized dataset and the target signal was
analyzed, resulting in R̄2 for the optimized dataset and the
target signal, as shown in Table 8.

In comparison to non-optimized feature peak extrac-
tion, the new R̄2 for the X-coordinate of the impact point
showed a slight increase (0.4%), while that for the Y-coor-
dinate and impact energy increased by 15.7 and 60.3%,
respectively, representing a substantial improvement. It
can be seen that using GA to optimize peak-seeking para-
meters for the feature peak extraction, a stronger linear
correlation between the input dataset and the target signal
could be obtained. As a result, the quality of the input
dataset was significantly enhanced, leading to a stronger
predictive capability of the BP neural network.

3.3 Neural network training using optimized
features

The optimized feature peak data and the original signal
arrival time data were combined to form a new input
dataset for the BP neural network, and the network was
trained again. Through iterative updates of weights and
thresholds, the network gradually reached the best level

Table 7: Optimized peak-seeking parameters for sliding peak detection

Parameter Optimized value

Smooth factor 16.2272
Window width 47
Peak threshold (mm) 0.000004
Peak quantity 2
Peak position 203

Figure 14: Selected feature peaks after parameter optimization.

Table 8: R̄2 between optimized dataset and target signals

Corresponding variables R̄2 Increase rate (%)

Optimized peak dataset and X
coordinates

0.9078 0.4

Optimized peak dataset and Y
coordinates

0.0850 15.7

Optimized peak dataset and energy 0.8000 60.3
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of performance. As shown in Figure 15(a), the BP neural
network achieved the lowest MSE on the validation set at
the fifth iteration, indicating its best generalization ability,
representing the optimal solution during the iteration pro-
cess. Figure 15(b) shows that the neural network’s coeffi-
cients of determination on the training set, validation set,
test set, and the entire input set were all very close to 1. In
particular, the R-value on the entire input set reached
0.98811, indicating a high degree of fit of the neural net-
work to the input set.

3.4 Generalization ability validation of
optimized neural network

To validate the generalization capability of BP neural net-
work trained using the optimized input dataset, four test
samples with random locations and energies were used to
test the network. Using the optimized peak-seeking para-
meters for feature peak extraction from the strain signals,
the actual locations and predicted locations of each sample
in the test set are shown in Figure 16. The actual energies
and predicted energies for each sample in the test set are
presented in Table 9.

Through calculation, when using the optimized input
dataset for prediction, the maximum error in location pre-
diction was 10.2mm, the minimum error was 1.3 mm, the
average error was 5.1 mm, and the average error rate was
1.7%. For energy prediction, the maximum error was 0.054 J,
the minimum error was 0.003 J, the average error was
0.030 J, and the average error rate was 6.0%. Compared to
the results of the preliminary prediction, the average loca-
tion error has decreased by 61.4% after optimizing feature

Figure 15: (a) BP neural network iteration process and (b) neural network fitting results after optimization.

Figure 16: Actual and predicted impact location in optimized prediction.

Table 9: Actual and predicted impact energy in optimized prediction

Actual energy and predicted energy (J)

Sample number ① ② ③ ④

Actual energy 0.5 0.7 0.9 1
Predicted energy 0.4648 0.7277 0.9029 0.9465
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peak extraction, and the average energy error has decreased
by 60.5%. This improvement in predictive accuracy for LVIs
on composite materials demonstrates that applying GA to
feature peak extraction from strain signals enhances the
BP neural network’s pattern recognition capabilities and
results in better predictive performance.

3.5 Comparison of GA and other
optimization methods

A comparison was made between parameter optimization
of the sliding window peak detection based on GA and
three other commonly used combinatorial optimization
algorithms, aiming to explore the performance advantages
of GA in the problem of peak-seeking parameter combina-
torial optimization.

The three combinatorial optimization algorithms included
in the comparison were PSO, simulated annealing (SA), and
grey wolf optimization (GWO). All three algorithms were sub-
jected to appropriate parameter tuning. For PSO, the particle
swarm size was set to 50 and the number of iterations was 50.
For SA, the maximum number of iterations was 100, the initial
temperature was 100, and the initial guess was (0.00005, 10, 20,
2, 2). For GWO, the initial population size was 50 and the
maximum number of iterations was 50.

Each of the three algorithms was separately applied to
the peak-seeking parameters optimization, and the opti-
mized parameters were then used to extract feature peaks
from the strain signals. Subsequently, the new input dataset
was used to train BP neural network as before, with the
performance on random test sets serving as the evaluation
metric. To ensure accuracy, during the iteration process of
each algorithm, just like in GA optimization, the average of
five training runs with the same set of parameters repre-
sented its final performance. Finally, the prediction results
and performance metrics based on PSO, SA, and GWO opti-
mization were obtained and compared with GA optimiza-
tion, as shown in Tables 10 and 11.

According to the table, in all four metrics of location
prediction, GA optimization outperformed the other three
optimization methods, particularly in terms of average
error, maximum error, and MSE. In the four metrics of
energy prediction, GA optimization had an advantage in
average error, maximum error, and MSE, and it was only
slightly behind PSO optimization in minimum error. This
result demonstrates the significant advantages of GA-opti-
mized peak feature extraction in this type of problem. This
advantage may be due to the unique stochastic mutation
ability of GA, which means that in each iteration, one or
more genes in an individual can change into other genes in
a certain probability. This allows the simultaneous exploration
of multiple potential solutions, increasing the chance of

Table 10: Prediction results of GA optimization and other three optimization methods

Actual value The predicted value of
GA optimization

The predicted value of
PSO optimization

The predicted value of
SA optimization

The predicted value of
GWO optimization

(220, 320, 0.5) (225.7, 316.0, 0.465) (216.6, 318.5, 0.466) (203.2, 306.1, 0.534) (200.9, 311.6, 0.507)
(310, 350, 0.7) (299.8, 346.9, 0.782) (315.9, 322.7, 0.726) (307.8, 355.2, 0.735) (316.7, 329.9, 0.604)
(190, 220, 0.9) (197.9, 217.2, 0.903) (174.3, 213.6, 0.901) (205.2, 228.9, 0.977) (197.2, 226.4, 0.970)
(340, 170, 1.0) (341.3, 176.0, 0.946) (352.2, 177.1, 1.132) (351.2, 158.8, 1.036) (334.9, 165.2, 0.994)

Table 11: Performance metrics of GA optimization and other three optimization methods

Item compared The predicted value of GA
optimization

The predicted value of
PSO optimization

The predicted value of SA
optimization

The predicted value of
GWO optimization

Location Mean
error

5.12 (best) 9.94 10.58 9.74

Max error 10.24 (best) 27.31 16.84 20.06
Min error 1.30 (best) 1.53 2.16 4.84
MSE 33.2 (best) 160.03 133.96 128.29

Energy Mean
error

0.030 (best) 0.048 0.046 0.045

Max error 0.054 (best) 0.132 0.077 0.096
Min error 0.003 0.001 (best) 0.034 0.006
MSE 0.001 (best) 0.005 0.002 0.004
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escaping local optima and obtaining the global optimum.
Therefore, compared to other optimization algorithms, GA
has better prediction stability and global prediction capabil-
ities. In conclusion, in the problem of optimizing feature
peak extraction from strain signal, using the GA results in
superior performance.

4 Conclusion

In this article, a new nanocomposite material SHM system
based on FBG sensors and BP neural networks was estab-
lished. Four sensors were employed, and the system col-
lected time-domain strain signal features, including the
signal arrival time, peak time, and peak amplitude during
LVIs, resulting in a 12-dimensional input feature set. A BP
neural network was employed for predicting the impact
location and energy. In the context of feature peak extrac-
tion, GA was introduced to iteratively optimize peak-seeking
parameters, leading to further improved prediction accu-
racy. Ultimately, the errors in impact location and energy
prediction were reduced to 1.7 and 6.0%, respectively,
demonstrating a good predictive performance.

This study provided a new approach for the joint pre-
diction of the location and energy of LVIs on nanocompo-
site materials. The prediction method based on the signal
arrival time and feature peaks in strain signals is simpler,
more convenient, and easily applicable. The utilization of
GA for parameter optimization demonstrates robust func-
tionality and unique advantages. The new approach shows
promising application prospects in the field of nanocompo-
site material SHM.
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