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*e fault diagnosis of piezoelectric sensor patches is very important for the stability of the vibration control system and fault-
tolerant control technology. In order to improve the accuracy of fault self-diagnosis of piezoelectric sensor patches, singular value
decomposition (SVD) and Hilbert marginal spectrum method are proposed to extract multiple features of each IMF component
and conduct feature fusion, and a support vector machine (SVM) based on particle swarm optimization (PSO) is designed for fault
identification of different eigenvalues. In the experiment, the broken and degumming piezoelectric patches are simulated. Firstly,
under the excitation of the square wave signal with no noise signal, when the SVD value and the maximum amplitude of Hilbert
marginal spectrum are used as the fusion eigenvalue together, the diagnostic results show that the recognition accuracy can reach
95%, compared with the recognition accuracy of 70% and 80%, respectively, when the two are used as eigenvalues alone; the
recognition result under fusion eigenvalue is obviously better than that of the latter. Secondly, in order to highlight the ef-
fectiveness of this method, the aforementioned experiment is conducted under the excitation of the square wave signal interfered
by 0.5 dBW–1 dBW noise signal. *e experimental results show that the fault recognition of the fused eigenvalue under different
noise intensity signals is still superior to that of the single eigenvalue.

1. Introduction

At present, the research on vibration fault diagnosis tech-
nology mostly focuses on the fault detection and diagnosis of
vibration components themselves, such as bearings and
rotors [1–3], although there are few studies on the fault
diagnosis of vibration sensors. In fact, in the study of active
vibration control, the failure of the vibration sensor has
some influence on the results of closed-loop vibration
controlling and the stability of the system. Piezoelectric
patches are widely used in vibration active control systems
because of their good positive and negative piezoelectric
effects. However, in practical engineering applications, re-
peated deformation caused by the piezoelectric effect will
lead to fracture damage of fragile piezoelectric patches,
whereas excessively high working temperature or excessively
long working time will lead to degumming damage of pi-
ezoelectric patches [4]. In order to ensure the effective

operation of the active vibration control system, fault di-
agnosis of piezoelectric sensor patches is very important.

In the study of related fault diagnosis methods, Zhang
et al. [5] proposed a bearing fault diagnosis method, and
combined EMD and permutation entropy to extract the
characteristics of bearing faults. Lu et al. [6] proposed a fault
diagnosis method for rotating machinery based on a deep
neural network, which had good robustness under various
working noises and environments. For the research on
sensor fault diagnosis, Gao and Ho. [7] proposed a new
generalized estimation method for generalized systems with
measured output noise, which applies the progressive esti-
mator of the generalized nonlinear system state and output
noise to sensor fault diagnosis. *is method has a strong
applicability, but it is less targeted. Yang et al. [8] used expert
system technology to identify fault types, but the diagnosis
results assisted operators in troubleshooting faults, and the
accuracy of identification needs to be further studied. Yang
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et al. [9] proposed a method based on residual information
for fault diagnosis of the automotive active suspension
sensor. *e residual information of this method is greatly
disturbed by the surrounding environment, and its practi-
cality needs to be further improved.

Although the fault diagnosis research of various sensors
has reached a certain level, there are a few fault diagnosis
research studies on the piezoelectric patch. At present, based
on piezoelectric impedance technology, Sun et al. [10]
studied the change of the virtual admittance value of the
piezoelectric element and then detected the self-damage of
the piezoelectric element. However, this method which had a
heavy task needed to detect a large amount of piezoelectric
element data. Because of the various fault types of the pi-
ezoelectric patch, such as degumming fault and fracture
fault, it is difficult to obtain comprehensive fault information
by using a single method to extract its characteristics.
*erefore, EMD-SVD processing of signals and Hilbert
marginal spectrum extraction are proposed, and both of
them are taken as fusion features to achieve the purpose of
feature extraction of piezoelectric patch fault information.
At present, EMD-SVD technology has achieved some
achievements in the field of rotating mechanism fault di-
agnosis. For example, Hou et al. [11] used approximate
singular value decomposition to extract rolling bearing fault
characteristics and designed experiments to verify the ef-
fectiveness of this method under the condition of strong
noise and weak fault; using BEMD and Hilbert transform,
Huang et al. [12] extracted amplitude-frequency charac-
teristics of rotor faults and proved effective in such faults as
oil film oscillation, oil film rotation, and rotor loosening.

Altogether, the research of fault diagnosis technology has
reached a certain level worldwide. *e application of the
technology is generally in the fault diagnosis of rotating
mechanisms, such as gears, bearings and rotors, or the vi-
bration parts themselves [13, 14]. *e fault diagnosis of
sensors is rarely studied, and the fault diagnosis of piezo-
electric sensor patches is even less studied. *erefore, self-
diagnosis of piezoelectric patches fault is still a relatively new
research field. In this study, piezoelectric sensor patches in
active vibration control of stiffened plate is taken as the
research object. According to the common fault charac-
teristics of piezoelectric patches, the multifeature fusion
method is adopted to extract fault features, and the PSO-
optimized SVM algorithm is used to identify fault types.
Finally, the advantages of this method are compared and
analyzed, and the fault diagnosis scheme with the best
identification effect is determined.

2. Theoretical Analysis of Piezoelectric Sensor
Patch Fault Diagnosis

2.1. (eoretical Analysis of EMD-SVD and Hilbert Marginal
Spectrum. Empirical mode decomposition (EMD) is part of
the Hilbert–Huang transformation algorithm. It can carry
out adaptive decomposition according to the characteristics
of the signal itself and obtain several intrinsic mode func-
tions (IMF) [15, 16]. *e specific process is as follows:

(1) For signal x (t), select all local extremum points and
use cubic spline function to interpolate the extre-
mum points to fit the upper and lower envelops, and
then take m1 (t), the mean of the upper and lower
envelops:

h1 � x(t) − m1(t). (1)

(2) If h1 is IMF, it is the first IMF component of x (t);
otherwise, take it as the initial value and repeat step
(1), and the result after k operations is as follows:

h1k(t) � h1(k− 1)(t) − m1k(t). (2)

Make h1k meet IMF conditions.
(3) Make

c1(t) � h1k(t). (3)

Subtract c1 from x (t), you get r1 (t) as follows:

r1(t) � x(t) − c1(t). (4)

Take r1 (t) as x (t) and repeat the previous steps to get the
following results:

rm(t) � rm− 1(t) − cm(t). (5)

*e iteration is stopped until rm (t) becomes a monotone
function that can no longer extract IMF components. At this
time,

x(t) � 
m

i�1
ci(t) + rm(t). (6)

At this point, the signal is decomposed into m IMF
components cm (t) and residual rm (t). Hilbert trans-
formation is performed for each IMF component cm (t) as
given in the following expression:

c
∧

i(t) �
1
π


∞

− ∞

ci(τ)

t − τ
dτ. (7)

Construct the analytic signal as follows:

zi(t) � ci(t) + jci

∧
(t) � ai(t)e

jφi(t)
. (8)

Among them, ai (t) is the instantaneous amplitude
function and φi (t) is the instantaneous phase function. If the
residual rm (t) is ignored, we can get the following:

x(t) � Re
m

i�1
ai(t)e

jφi(t)
� Re

m

i�1
ai(t)e

j  wi(t)dt
. (9)

Instantaneous frequency is expressed as follows:

fi(t) �
1
2π

wi(t) �
1
2π

dφi(t)

d(t)
. (10)

*erefore, the Hilbert spectrum can be obtained by
expanding equation (9) as follows:
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H(w, t) � Re
m

i�1
ai(t)e

j  wi(t)dt
. (11)

Hilbert marginal spectrum is the integral of Hilbert
spectrum on the time axis, as shown in the following
equation:

H(w) � 
T

0
H(w, t)dt. (12)

Singular value decomposition (SVD) is an algebraic
feature extraction method [17]. Specifically, it is an or-
thogonal method. By multiplying the left and right sides of
the original matrix by an orthogonal matrix, it is trans-
formed into a diagonal matrix and the linearly dependent
rows or columns of the matrix become linearly independent.

For any matrix Am×n, its rank is r. If there are two or-
thonormal moment U and W matrices and diagonal matrix
D to make the following formula valid, then equation (13) is
the singular decomposition of Am×n:

A � UDWT
, (13)

Among them, U and W are orthogonal matrices and D is a
diagonal matrix.

2.2. Fault Recognition Principle Based on PSO-SVM. *e
support vector machine (SVM) is a method based on the
statistical learning theory, whereas traditional statistical
learning is difficult to achieve the ideal learning effect in the
case of small samples. To address this problem, V.Vapnik
and his research team proposed the SVM. *e basic idea of
SVM is to define the optimal hyperplane and transform the
algorithm of finding the optimal linear hyperplane in space
into an optimization problem [18, 19].

*e actual signal data belong to the problem of linear
inseparability. According to the constraint conditions,

yi(ω · x + b)≥ 1 − ζ i, i � 1, 2, . . . , n. (14)

*en, the hyperplane meets the following conditions:

min
1
2
‖ω‖

2
+ C 

n

i�1
ξi

⎡⎣ ⎤⎦,

s.t.
yi(ω · x + b)≥ 1 − ξi, i � 1, 2, . . . , n,

ξi > 0, i � 1, 2, . . . , n.

⎧⎪⎨

⎪⎩

(15)

Among them, ξi is the penalty function of outlier and C is the
penalty coefficient.

In the SVM train function, there are two important
parameters c and g; c is the penalty parameter, and g is the
kernel parameter. Particle swarm optimization (PSO) is used
to optimize the selection of these two parameters. *e PSO
algorithm seeks the global optimal solution by following the
currently searched optimal value and evaluates the quality of
solution by fitness.

*e fault of different piezoelectric sensor patches is
simulated, and the response signals under different

excitation are collected in the experiment. *e signal is
decomposed by EMD, and the SVD value and Hilbert
marginal spectrum of IMF components are obtained as the
feature vectors. After normalization, those are, respectively,
sent to the SVM for training and recognition. *e cross-
validation recognition accuracy of the SVM is taken as the
fitness, and the c and g parameters of the SVM are optimized
by particle swarm optimization (PSO). Finally, the recog-
nition accuracy of the SVM algorithm under optimal pa-
rameters of c and g is obtained, so as to explore the influence
of different feature value extraction on the fault recognition
effect. *e experimental flow chart is shown in Figure 1.

3. Extraction of Fault Characteristic
Parameters of Piezoelectric Sensor Patches

3.1. Experimental SystemConstructionandSignalAcquisition.
In order to verify the effectiveness of piezoelectric sensor
fault diagnosis under multiple disturbances, an experimental
system of piezoelectric sensor patches fault diagnosis for
vibration control of the stiffened plate, as shown in Figure 2,
is established. *e experimental device consists of PC, vi-
brator, stiffener 600mm× 450mm× 1.5mm, piezoelectric
patches 50mm× 50mm× 0.2mm, Dingyang technology
SDG1032X signal generator, HVP-300B power amplifier,
and usb6003NI data acquisition card. In order to obtain a
larger response signal, the piezoelectric patches are pasted at
the maximum first mode strain of the stiffened plate. At the
same time, in order to ensure the reliability of the experi-
mental data, two groups of experiments are designed and a
pair of piezoelectric patches are pasted at themaximum first-
order mode of the stiffened plate in each group. *e first
group of experiments are given as follows: piezoelectric
patch 1 is a normal piezoelectric patch and piezoelectric
patch 2 is a nearly 50% cracked piezoelectric patch. *e
second group of experiments include the following: piezo-
electric patch 3 is a normal piezoelectric patch (the same
piezoelectric patch as piezoelectric patch 1) and piezoelectric
patch 4 is degumming (only a little glue is applied at the
center of the patch in the experiment), and the two pie-
zoelectric patches are pasted symmetrically opposite to each
other. *e two kinds of fault piezoelectric patches are shown
in Figure 3. In order to display the characteristics of
degumming, white paper is used to pad them.

*e first mode frequency is selected as the excitation
frequency, and a sinusoidal fast frequency sweep signal with
a band width of 50–300Hz and a time of 20 s were used to
analyze the frequency sweep of the stiffened plate.*e results
show that the first mode frequency is 210Hz. *e actual
perturbation signal may contain multiple frequency com-
ponents and has harmonic characteristics. In order to
simulate the vibration of the stiffened plate under multi-
disturbance, the square wave signal is selected as the exci-
tation signal of the stiffened plate. Square wave signals can be
superimposed by a variety of sinusoidal signals, and in
addition to sinusoidal fundamental frequency signals, there
are also harmonic signal components. *erefore, square
wave signals with different duty ratios are selected to sim-
ulate multiple disturbances. In the experiment, a total of 20
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groups of square wave signals with a duty cycle of 2.5% to
50% (set at 2.5% intervals) and a frequency of 210Hz are set
to stimulate the stiffened plate. In order to ensure the
comparability of experimental data, the response amplitude
of normal patches in each group of experiments is set as 1V
by adjusting the power amplifier. *e signals 1, 2, and 4 of
the piezoelectric patches are collected as the experimental
signal data of normal piezoelectric patches, broken piezo-
electric patches, and degummed piezoelectric patches; a total
of 60 groups of data are collected. As can be seen from the
response signals of the three piezoelectric patches, although
the response amplitudes of the three piezoelectric patches

are different under the excitation of the same frequency,
when the excitation frequency of the stiffened plate changes,
the signal of piezoelectric patch will change in response.
*erefore, it is difficult to distinguish the fault types of
piezoelectric patches only from the response amplitude, so it
is necessary to extract the fault characteristics of piezo-
electric patches by means of relevant signal processing.

3.2. Fault Feature Extraction of Piezoelectric Patches Based on
EMD Transform. Empirical modal decomposition (EMD)
can decompose the signal into several natural modal
functions adaptively according to the local characteristics of
the signal itself [20–22]. *e problems of choosing the
optimal basis of wavelet decomposition, constant multi-
resolution, and energy leakage in traditional time-frequency
analysis methods are fundamentally solved. At the same
time, EMD can accurately obtain the global amplitude
distribution of each frequency [23, 24].

In terms of feature extraction, SVD, as a normalized
method, has good stability and is widely used in signal
analysis and mechanical fault diagnosis [25–27]. *e
combination of EMD and SVD can overcome the ran-
domness of choosing embedding dimension and other
problems existing in the current time-frequency analysis
method and can extract the energy characteristics of signals
in various frequency bands well. Hilbert marginal spectrum
based onHilbert–Huang transformation, which can describe
the change of the signal amplitude in the entire frequency
band, is adopted to enrich the fault feature information of
piezoelectric patches. *e specific extraction process of pi-
ezoelectric patches fault features is as follows:

(1) three kinds of piezoelectric patches response signals
under excitation of different duty cycle analog wave
signals are introduced.

(2) the signals of normal piezoelectric patches,
degumming piezoelectric patches, and broken pie-
zoelectric patches are decomposed into a series of
IMF components by the EMD method, respectively,
and it is found that the energy is basically concen-
trated on the first five IMF components, as shown in
Figure 4 (considering the article space problem, only
IMF components of the signals of three kinds of
piezoelectric patches under the excitation of the
square wave with 2.5% duty cycle are listed).

(3) the SVD values of IMF components are obtained,
and the SVD eigenvectors are shown in Table 1
(considering the article space problem, only the
SVD values of three kinds of piezoelectric signals
under 2.5%, 5%, 7.5%, 10%, and 12.5% duty cycles
are listed).

(4) Hilbert marginal spectrum is made for each com-
ponent IMF, as shown in Figure 5 (considering the
article space problem, only Hilbert marginal spec-
trum of IMF1 components of three kinds signals
under the excitation of the square wave with 2.5%
duty cycle is listed). *e maximum point of the
marginal spectrum are found, the results are shown

The piezoelectric signals under 
different faults are extracted

The IMF component is obtained by
the decomposition of EMD

SVD value is
taken

Determine the fitness function (SVM 
cross-validation recognition accuracy

The features are
normalized

Hilbert marginal 
spectrum is taken

The fitness function is calculated

Whether the termination 
condition is satisfied or not

The speed is updated
The individual is renewed

Identification accuracy 
under optimal parameters

Explore the fault recognition effect 
under different eigenvalues

Y

N

Figure 1: Experimental flow chart.

Stiffened plate Power amplifier

Signal generator

Vibrator

Acquisition card

PC

Piezoelectric patch

Figure 2: Physical drawing of device.
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in Table 2 (only the results under the excitation of the
square wave with 2.5%, 5%, 7.5%, 10%, and 12.5%
duty cycles are listed). And the result is taken as the
feature vector of each piezoelectric patches signal
together with the SVD value.

(5) the eigenvectors are normalized, and the new feature
vector is used as the training set for the classification
and recognition of subsequent algorithms.

As shown in Table 1, the signals are decomposed into
IMF components from high to low EMD in frequency. *e
overall characteristics of the singular values of each com-
ponent and Hilbert marginal spectral amplitude are not very
obvious. *erefore, the support vector machine method
based on particle swarm optimization parameters is used to
identify the fault types of piezoelectric patches.

4. Fault Identification of Piezoelectric Patches
Based on PSO-SVM

*e support vector machine (SVM) is a new machine
learning algorithm; compared with the neural network in-
telligent diagnosis system, which requires a large number of
learning samples, the SVM has unique advantages in small
sample learning and high-dimensional pattern recognition
[28, 29]. *erefore, the SVM is widely used in pattern
recognition, probability density estimation, function ap-
proximation, and other fields. *e classification accuracy of

the SVM is closely related to the selection of function pa-
rameters [30]. Among parameters, the penalty parameter c
and the kernel function parameter g are the main influ-
encing parameters. At present, the selection methods for c
and g include cross-validation, genetic algorithm, and ant
colony algorithm, which are all feasible.

In this study, the particle swarm optimization algorithm
is selected as the optimization algorithm to optimize the
selection of c and g of the SVM.*e recognition accuracy of
the SVM algorithm under cross-validation is taken as the
fitness function; c and g parameters are selected as particles
for optimization. *e number of race particles is set as 20,
and the particle dimension is used as the eigenvalue di-
mension. *e number of iterations is set as 200, and the
value range of the penalty parameter c is set as [0.01, 100].
*e value range of the kernel function parameter g is set as
[0.1, 100], and the number of cross-validation is set as K� 3.
*ree experiments are carried out, respectively. Each ex-
periment included 20 groups of data of normal piezoelectric
patch, rupture piezoelectric patch, and degumming piezo-
electric patch, and three kinds of piezoelectric patch are
defined as 1, 2, and 3. Five-dimensional SVD values, 10-
dimensional maximum marginal spectral points, and 15-
dimensional SVD and maximum marginal spectral points
are selected as the eigenvalues. *e PSO-optimized SVM is
used to identify 60 groups of data. *e fitness function is the
recognition accuracy of cross-validation of all data. After 200
iterations, the optimal and average recognition accuracy of

(a) (b)

(c) (d)

Figure 3: Piezoelectric wafer distribution: (a) normal piezoelectric patch 1 on the front; (b) broken piezoelectric patch 2 on the reverse side;
(c) normal piezoelectric patch 3 on the front; (d) degummed piezoelectric patch 4 on the reverse side.
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the SVM under optimal parameters is obtained. *e optimal
fitness, average fitness, and test set identification results of
each generation of intraracial particles in the three experi-
ments are shown in Figures 6–8.

As can be seen from Figures 6–8, when the evolutionary
algebra is 1, that is, when the initial PSO did not optimize the
SVM, the recognition rate of the three types of piezoelectric
chips is 68%, 58%, and 87%, and the recognition rate is

relatively low. After PSO optimization, only the SVD value is
taken as the characteristic value in the experiment; the
optimal fitness, or accuracy under cross-validation, is only
77.78%, and the average fitness is about 70%. *e maximum
value of the marginal spectrum is taken as the experiment of
the eigenvalue, its optimal fitness reaches 100% at generation
50, and the average fitness is about 80%. When the SVD
value and the maximum point of the marginal spectrum are
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Figure 4: EMD results of three types of piezoelectric patch signals: (a) normal piezoelectric patch; (b) broken piezoelectric patch; (c) degummed
piezoelectric patch.
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Table 1: SVD values of the IMF components of the three types of piezoelectric patches.

SVD values of the first 5 IMF components
Category V1 V2 V3 V4 V5

Normal

79.98 5.404 0.2844 0.2511 0.1096
85.03 6.279 0.9019 0.0915 0.0505
88.43 6.885 1.303 0.0836 0.0723
88.92 7.165 1.452 0.2690 0.1587
85.69 7.163 1.238 0.1158 0.0588

Broken

71.86 3.943 3.246 1.088 0.6276
67.29 3.136 1.601 0.2429 0.1181
71.77 3.272 2.689 0.3877 0.3001
71.56 3.489 2.918 0.2870 0.2517
74.15 3.268 2.914 0.5706 0.4317

Degummed

1.278 0.1099 0.0337 0.01631 0.009516
1.233 0.1017 0.0231 0.01357 0.009732
1.232 0.0974 0.0145 0.01144 0.006103
1.269 0.1003 0.0484 0.02160 0.01327
1.282 0.0983 0.0126 0.008394 0.005366
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Figure 5: Hilbert marginal spectrum of three types of piezoelectric patch signals: (a) normal piezoelectric patch; (b) broken piezoelectric
patch; (c) degummed piezoelectric patch.

Table 2: Hilbert marginal spectral characteristics of three types of piezoelectric patch signals.

Hilbert marginal spectral features of the first five IMF components

Category *e frequency at which the maximum
marginal spectral amplitude is reached *e maximum value of the marginal spectrum

Normal

207.5 45.5 23.0 10.0 5.0 0.05268 3.687E− 04 8.883E− 07 6.005E− 06 1.145E− 06
205.0 55.0 9.0 4.5 2.5 0.08211 4.748E− 04 4.220E− 05 4.539E− 07 3.240E− 07
207.0 54.0 10.0 4.0 2.0 0.05106 8.134E− 04 8.043E− 05 6.326E− 07 7.255E− 07
208.5 48.5 10.0 8.0 1.0 0.04373 7.306E− 04 1.283E− 04 2.282E− 06 4.673E− 06
211.0 49.0 9.5 5.0 2.5 0.03623 8.028E− 04 1.045E− 04 8.916E− 07 6.016E− 07

Broken

159.5 131.5 34.5 52.0 7.0 0.02265 1.769E− 03 7.381E− 04 8.236E− 04 1.310E− 03
155.5 104.5 52.0 27.0 10.0 0.05231 1.568E− 05 1.398E− 04 2.027E− 07 1.580E− 06
155.0 40.0 49.0 9.5 10.0 0.04550 1.035E− 04 1.086E− 04 1.814E− 06 8.508E− 06
199.0 40.0 50.5 19.0 9.5 0.04392 1.446E− 04 1.490E− 04 1.259E− 06 1.882E− 06
159.0 46.0 50.0 18.5 10.0 0.04837 8.928E− 05 2.126E− 04 2.106E− 06 1.225E− 05

Degummed

224.5 41.5 27.5 19.5 9.0 3.874E-06 6.291E− 08 5.298E− 09 2.180E− 09 2.338E− 09
179.5 48.5 27.5 19.0 10.0 4.547E-06 8.163E− 08 8.107E− 09 4.393E− 09 2.192E− 09
223.5 49.0 21.0 10.5 2.5 5.661E-06 7.140E− 08 2.590E− 09 2.525E− 09 1.116E− 09
223.5 40.0 18.5 10.5 9.0 4.722E-06 6.222E− 08 2.888E− 08 1.659E− 08 8.504E− 09
225.5 44.5 20.5 9.5 5.0 3.911E-06 6.287E− 08 1.890E− 09 2.391E− 09 8.536E− 10

Shock and Vibration 7



taken as the experiments of eigenvalues, the optimal fitness is
100%, and the average fitness can reach about 95%.

Under the aforementioned experimental conditions,
multiple groups of experiments are carried out with different
broken degrees and different degumming areas. *e results
of fracture and degumming identification are the same as
those in the previous section, and they are all the best under
multi-eigenvalue fusion. *e experimental results also show
that the degree of fracture affects the SVD value. As the
degree of fracture increases, the SVD value gradually de-
creases within a certain range. Besides, the degree of
degumming affects the marginal spectrum characteristic
value. With the increase of the degumming area, the in-
tensity of the maximum value point of the marginal spec-
trum decreases gradually. According to the aforementioned
results, combined with the recognition result whose ei-
genvalue is the SVD value or Hilbert marginal spectrum
feature, it can be known that, because of the large difference
between the SVD value of the normal and ruptured pie-
zoelectric patch and the SVD value of the dematerialized
piezoelectric patch, the pattern recognition with the SVD

value as the feature has too high error rate for the normal
piezoelectric patch and rupture piezoelectric patch. Hilbert
marginal spectrum features of the three cases are of similar
orders of magnitude, but the resolution between different
data is low, so the recognition accuracy is not satisfactory. By
integrating the SVD value and Hilbert spectrum feature as
the feature value, it has the advantages of the feature within
the same order of magnitude and large data resolution. Its
accuracy of classification is greatly improved, and the rec-
ognition results of the test set also verify the accuracy and
superiority of the scheme.

5. Fault Identification under Noise
Signal Interference

*e recognition signal is the excitation response signal of a
single square wave signal, which is different from the actual
working condition. To verify the general feasibility of the
fault diagnosis model and the superiority of fusion features,
the study proposes the use of the square wave signal under
the interference of noise signal to stimulate the stiffened
plate, to simulate the actual working condition, and to carry
out feature extraction and fault identification for the re-
sponse signals of different fault types of piezoelectric
patches, so as to verify the recognition effect.

Gaussian white noise is selected for noise signal. In order
to make the experiment comparable, the experiment scheme
mentioned earlier is still adopted and noise interference is
added on it. *at is, at first, set the duty ratio of 2.5% to 50%
(every other 2.5% is a group) and the frequency as 210Hz,
and total of 20 groups of square wave signals mixed with
noise signals excite the stiffened plate respectively. A total of
60 groups of response signals are obtained from the three
types of piezoelectric patches. *en, the SVD value and
marginal spectrum features are extracted from the signals,
and finally, different features are used for fault identification.
Meanwhile, in order to improve the persuasiveness of the
experiment and explore the influence of noise on the effect of
fault diagnosis, Gaussian noise with the intensity of

Evolution algebra
0 50 100 150 200

Fi
tn

es
s (

%
)

60

65

70

75

80

Optimum fitness
Mean fitness

Figure 6: Experimental results of SVD values as eigenvalues.
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Figure 7: Experimental results of the Hilbert marginal spectrum as
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0.5 dBW–1 dBW (0.05 dBW interval) is adopted for 6 ex-
periments, respectively.

Signal feature extraction includes EMD-SVD and Hil-
bert marginal spectrum. EMD decomposition is carried out
for the response signals under the excitation of three types of
piezoelectric slice noises. *e first five IMF components are
obtained, as shown in Figure 9 (considering the length of the
paper, IMF components of three piezoelectric patch signals
are listed only under the excitation of 2.5% of the 1dBW
noise signal).

SVD is calculated for IMF components, and SVD ei-
genvectors are obtained as shown in Table 3 (considering the

length of the paper, SVD results of three piezoelectric
patches response signals under 2.5%, 5%, 7.5%, 10%, and
12.5% of the space-occupied example wave signals and
mixed with 1 dBW noise signals are listed).

*en, Hilbert marginal spectrum is made for IMF of each
component, as shown in Figure 10 (Hilbert marginal
spectrum of IMF1 component of three response signals
excited by 2.5% space-occupied example wave signal mixed
with 1 dBW noise is listed only). *e maximum amplitude
value point of the marginal spectrum is obtained, and the
results are shown in Table 4 (similarly, the results under
2.5%, 5%, 7.5%, 10%, and 12.5% duty cycles are listed). *e
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Figure 9: EMD results of response signals of three types of piezoelectric patches when noise signals are added: (a) normal piezoelectric
patch; (b) broken piezoelectric patch; (c) degummed piezoelectric patch.
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results and SVD values are taken as the eigenvectors of each
piezoelectric patch signal.

Similarly, the PSO-SVM algorithm described earlier is
selected to identify signal features, and the parameters such

as iteration times are used as described previously. *e SVD
value of 5 dimensions, the maximum point of the marginal
spectrum of 10 dimensions, and the maximum point of the
marginal spectrum of 15 dimensions are selected as the

Table 3: SVD values of IMF components of three kinds of piezoelectric chip signals under noise signals.

SVD values of the first five IMF components
Category V1 V2 V3 V4 V5

Normal

102.96 68.49 38.59 29.65 21.02
110.99 65.91 39.81 30.50 22.85
109.15 68.94 42.12 31.32 21.36
112.88 67.84 38.71 30.52 21.85
113.75 70.22 40.20 26.75 21.58

Broken

96.70 60.76 41.65 29.48 21.24
100.16 63.44 43.02 29.34 19.88
103.56 61.43 41.58 31.31 21.54
104.46 62.89 40.55 30.37 21.72
102.14 67.64 43.06 28.01 20.42

Degummed

87.02 52.29 38.21 28.36 19.11
85.03 52.51 39.85 28.61 21.90
85.21 52.98 38.92 27.09 22.34
87.10 50.75 39.35 28.70 19.04
84.73 53.09 39.62 27.57 21.12
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Figure 10: Hilbert marginal spectrum of three types of piezoelectric patch signals under noise signal.

Table 4: Hilbert marginal spectral characteristics of three types of piezoelectric patch signals under noise signal.

Hilbert marginal spectrum characteristics of the first five IMF components

Category *e frequency of the point with the maximum
marginal spectral amplitude Maximum value of marginal spectrum

Normal

218 182.5 54 45.5 31.5 0.00844 0.00577 0.00362 0.00415 0.00303
156.5 174 69 40.5 23.5 0.01252 0.00594 0.00333 0.00390 0.00353
176.5 176.5 102 49.5 28.5 0.00881 0.00826 0.00473 0.00334 0.00466
163.5 175.5 82.5 40.5 27 0.01284 0.00616 0.00326 0.00413 0.00321
159 113.5 68.5 44.5 23.5 0.01341 0.00656 0.00409 0.00337 0.00410

Broken

174 169.5 62.5 41 15 0.00753 0.00562 0.00422 0.00350 0.00272
225.5 217.5 69.5 47.5 29 0.00738 0.00537 0.00453 0.00388 0.00308
165.5 168 94 43 22 0.00837 0.00461 0.00357 0.00359 0.00386
152.5 217 101 50 25 0.00658 0.00550 0.00375 0.00365 0.00360
163.5 215 83 39 22.5 0.00916 0.00690 0.00532 0.00449 0.00377

Degummed

216.5 129.5 92 26.5 27.5 0.00626 0.00455 0.00332 0.00328 0.00289
258 173.5 60.5 45.5 8.5 0.00480 0.00326 0.00463 0.00345 0.00322
257.5 169.5 76 51 29 0.00489 0.00373 0.00411 0.00235 0.00344
255.5 132 93.5 29 17 0.00561 0.00407 0.00343 0.00297 0.00269
229.5 161 85 57.5 10.5 0.00506 0.00334 0.00408 0.00324 0.00319
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eigenvalues.*e particle swarm optimization SVM is used to
identify 60 groups of data, and the fitness function is the
recognition accuracy of cross-validation of all data. After 200
iterations, the optimal and average recognition accuracy of
the SVM under optimal parameters are obtained. *e op-
timal fitness, average fitness, and test set identification re-
sults of the particles in each generation of the three
experiments are shown in Figures 11–13.

Finally, the average recognition accuracy under
0.5°dBW–1°dBW noise is plotted, as shown in Figure 14.

It can be seen from Figures 11–13, when the evolutionary
algebra is 1, that is, when the initial PSO does not optimize
the SVM, the recognition rate of the three types of piezo-
electric patches is 43%, 57%, and 66%, respectively, and the
recognition rate is low. After PSO optimization, even under
the interference of 1 dBW noise, the average recognition
accuracy of fusion features can reach 80.48%. At this time,
the separate SVD value features and marginal spectrum
features are only 73.69% and 70.49%. As can be seen from
Figure 14, with the increase of mixed noise intensity, the
recognition accuracy decreases gradually, which indicates
that the recognition rate is affected by the interference noise
intensity. Among them, the identification rate under the
eigenvalues of SVD and Hilbert marginal spectrum is sig-
nificantly affected. With the increase of the interference
noise intensity, the recognition rate decreases greatly.
Compared with the fault recognition rate under the single
eigenvalue, this effect is small to the recognition rate under
the fused eigenvalue. Even if the intensity is 1 dBW, the
average recognition accuracy of fusion features is still about
80%, and the recognition rate decreases very little. From
another point of view, it shows that the advantage of the fault
identification rate of fusion features is not affected by in-
terference noise signal. In conclusion, the recognition ac-
curacy of fused features is always higher than that of the SVD
value and marginal spectrum as features.

In addition, in order to make comparative analysis, the
wavelet packet transform is used to extract the characteristics
of response signals of different piezoelectric patches based on
the aforementioned experiments. *en, the support vector
machine is also used to identify and classify the eigenvalues.

*e parameters of wavelet packet adopted in this paper
are set as: db2 wavelet, shannon entropy, and three-layer
decomposition. *e specific steps are as follows [4]:

(1) *e response signals of each piezoelectric sensor are
decomposed into three layers, and the characteristics of
eight frequencies under the three layers are extracted.

(2) Reconstruct the wavelet packet decomposition co-
efficient, and extract the signal S3i (i� 0, . . ., 7) of
each frequency band. *e reconstruction coefficient
diagram of the wavelet packet is shown in Figure 15
(only the reconstruction coefficients of response
signals stimulated by square wave signals with a duty
cycle of 2.5% and a strength of 1 dBW noise in-
terference signal are listed).

(3) Calculate the total signal energy of each frequency
band, and set the energy corresponding to S3i as E3i,
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Figure 11: Identification results of the SVD value as the eigenvalue
when noise signal is added into excitation.
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Figure 12: Identification results of Hilbert marginal spectrum as
the eigenvalue when noise signal is added into excitation.
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Figure 13: Identification results of the SVD value and Hilbert
marginal spectrum as the eigenvalue when noise signal is added
into excitation.
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Figure 14: Recognition effect of different eigenvalues when noise signal of different intensities is added into excitation.
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Figure 15: Response signal reconstruction coefficients of piezoelectric patches: (a) normal piezoelectric patch; (b) broken piezoelectric
patch; (c) degummed piezoelectric patch.
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which xik (i� 0, . . ., 7; k� 1, . . ., n) is the amplitude of
E3i discrete points.

(4) Different frequency band energies are used to con-
struct eigenvectors and carry out normalization
processing, and the results are shown in Table 5 (only
the normalized eigenvector results of three kinds of
piezoelectric patches signals under square wave
excitation with duty cycles of 2.5%, 5%, 7.5%, 10%,
and 12.5% mixed with 1 dBW noise are listed).

Similarly, the particle swarm optimization SVM algorithm
described earlier is selected to identify the signal features
obtained by wavelet packet transformation, and the param-
eters such as the number of iterations are followed as men-
tioned earlier. In the noise of 0.5–1 dBW (interval 0.05 dBW),
the recognition results of wavelet packet transform features are
compared with the recognition results of different features to
draw a line diagram, as shown in Figure 16.

As can be seen from Figure 16, the recognition result of
eigenvalues obtained by the wavelet packet decomposition
method is not very ideal. Moreover, the recognition accuracy

decreases greatly with the increase in noise intensity, and the
recognition accuracy is greatly affected by environmental
interference. By contrast, the accuracy of fusion eigenvalue
recognition is higher, moreover, the accuracy of recognition
is less disturbed by environmental noise, and the recognition
result is relatively stable.

6. Conclusions

In this study, the piezoelectric sensor in vibration control of
the stiffened plate is taken as the research object. Two kinds
of piezoelectric sensor faults, fracture and degumming, are
simulated. EMD-SVD and Hilbert marginal spectrum are
used to extract the characteristics of voltage signals under
different excitation. *e PSO-optimized SVM algorithm is
used to identify fault types of different eigenvalues. Ex-
perimental results show that the recognition effect of
multifeature fusion is the best, no matter under non-noise
interference or noise interference. In the case of non-noise,
the average accuracy can reach 95%. In the case of noise
interference of 0.5 dBW–1 dBW, fusion features are superior

Table 5: Signal energy characteristics of three kinds of piezoelectric patches.

Normalized eigenvectors

Normal

0.3461 0.3528 0.3508 0.3457 0.3607 0.3640 0.3523 0.3557
0.3457 0.3523 0.3531 0.3452 0.3603 0.3630 0.3535 0.3550
0.3458 0.3524 0.3533 0.3462 0.3604 0.3623 0.3527 0.3550
0.3461 0.3530 0.3494 0.3455 0.3608 0.3633 0.3531 0.3567
0.3459 0.3526 0.3516 0.3458 0.3605 0.3639 0.3523 0.3555

Broken

0.3465 0.3535 0.3482 0.3457 0.3613 0.3636 0.3528 0.3566
0.3460 0.3529 0.3519 0.3455 0.3607 0.3627 0.3530 0.3553
0.3461 0.3530 0.3491 0.3459 0.3609 0.3643 0.3522 0.3565
0.3463 0.3534 0.3486 0.3457 0.3611 0.3631 0.3531 0.3566
0.3463 0.3531 0.3491 0.3456 0.3610 0.3631 0.3534 0.3564

Degummed

0.3468 0.3534 0.3488 0.3457 0.3612 0.3637 0.3523 0.3561
0.3468 0.3534 0.3488 0.3457 0.3612 0.3637 0.3523 0.3561
0.3467 0.3534 0.3488 0.3457 0.3612 0.3637 0.3524 0.3561
0.3467 0.3534 0.3488 0.3457 0.3612 0.3637 0.3523 0.3561
0.3467 0.3534 0.3488 0.3457 0.3612 0.3637 0.3524 0.3561
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Figure 16: Recognition effect of different eigenvalues when noise signal of different intensities is added into excitation.
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to SVD value features and marginal spectrum features as
features alone. *e experimental results show that the fault
diagnosis method of piezoelectric sensor patches based on
multifeature fusion and PSO-SVM is effective and has
certain advantages. At the same time, this method lays a
good foundation for the future research on active fault-
tolerant control of stiffened plate structure vibration.
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Supplementary Materials to add the noise interference, that is,
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group), frequency of 210 Hz group, a total of 20 square wave
signal with noise, respectively, to incentive of stiffened plate,
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signals, and then the signal for SVD value and marginal
spectrum feature extraction, and the feature extraction results
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