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An improved feature parameter extraction algorithm is proposed in this study to solve the problem of quantitative detection of
subsurface defects. Firstly, the common feature parameters from the differential signal of pulsed eddy current and ultrasonic are
extracted in time domain and frequency domain. Then, the dispersion model and ReliefF model are established to determine the
weights of each parameter. Finally, the weights from the two different algorithms are fused by the D-S evidence theory to
determine feature parameters. Compared with the PCA feature parameter algorithm from the pulsed eddy current or ultrasonic,
the experiment results show the feature parameters extracted by the algorithm proposed in this paper are more effective in
quantitative detection of subsurface defects. It will lead to high accuracy in the subsurface defections.

1. Introduction

Pulsed eddy current testing (PEC) and ultrasonic testing (UT)
are considered as the main techniques of nondestructive
testing (NDT) that have been widely applied in defect detec-
tion of metals [1, 2]. PEC is always applied in the low depth
in the subsurface defects, while UT is applied in the deep
depth. Due to the limited detection capability of PEC and
UT, composite detection methods are applied in NDT widely.
Feature parameter extraction of PEC and UT signals is the key
technique in NDT. Therefore, studying the feature extraction
algorithms from PEC and UT signals on different depths of
defects and establishing a mathematical model to estimate
the depth of subsurface defects have great significance [3, 4].

In this study, feature parameter extraction methods of
PEC and UT signals are investigated for the quantitative
detection of subsurface defects. The quantitative detection
results are affected by the result of the feature extraction
directly [5, 6]. Features can be extracted from the time, fre-
quency, and time–frequency domains of signals. Latif et al.
analyzed the features of PEC signals from the time domain
and distinguished subsurface defects in stainless steel sheets
[7]. Cruz et al. extracted features from UT signals in the fre-

quency domain and selected features using statistical tech-
niques, such as PCA [8]. Li et al. extracted the features from
PEC signals in the time–frequency domain using EMD and
fewer features using PCA to recognize weld [9]. The defect
signals may have relatively different responses in the time,
frequency, and time–frequency domains. Therefore, several
scholars have proposed the algorithms that extract all the
responsive features by constructing a multifeatured frame-
work in the time, frequency, and time–frequency domains.

In the process of detection, the reliability of features
changes variously when different kinds of defects existed.
Wang and Wang studied the feature extraction method of
PEC signals measured the depth of multilayer metals and
concluded that the peak and fundamental frequency ampli-
tude features were more accurate when the conductivity of
the upper layer was less than the lower layer. Otherwise, the
zero-passing time was the more effective feature [10]. Nan
et al. extracted multiple features from PEC signals in time
and frequency domains and combined them to classify
surface, subsurface, and corrosion defects [11]. An adaptive
feature extraction algorithm with variable weights that fully
consider the variety of different defects’ feature reliability is
necessary for defect recognition [12, 13]. The common

Hindawi
Journal of Sensors
Volume 2021, Article ID 8898991, 10 pages
https://doi.org/10.1155/2021/8898991

https://orcid.org/0000-0003-0844-3570
https://orcid.org/0000-0001-5499-2410
https://orcid.org/0000-0003-3341-3867
https://orcid.org/0000-0001-5232-7556
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2021/8898991


methods of feature weight distribution include the methods
based on statistical distribution and distance measurement
[14–16]. The statistical distribution methods measure the
degree of feature distribution of the sample to determine
the weight. Wang and Qian proposed an unsupervised fea-
ture selection algorithm based on information entropy, and
the feature weight was measured from the information
entropy of the feature after dimension reduction [17]. Zhou
et al. proposed a feature weighting algorithm based on class
variance to improve the accuracy of text categorization accu-
racy [18]. The distance measurement methods determine the
weight of the feature according to the distance between the
feature of the same and the different kinds of samples. Li
et al. studied ReliefF and FCM clustering algorithms to clas-
sify different types of users; ReliefF algorithm was used to
assign weights of user features adaptively, and the FCM algo-
rithm was used to classify different types of users [19]. Li et al.
proposed an algorithm based on the ReliefF and LSTM
network to select features and assign weights adaptively to
establish a power system prediction model [20].

At present, the distribution methods usually determine
feature weight by studying a method between statistical dis-
tribution and distance measurement. In the study of using
statistical distribution method to determine feature weight,
Chen et al. calculated the feature weight by statistical distri-
bution of information entropy, but it is prone to local mini-
mum when solving small sample events [21]. Hu et al.
calculated the first-order mean moment and second-order
variance moment of features by Gan method and obtained
the image feature weight by statistics, but when the samples
were not enough, it was prone to meet the local optimal prob-
lem [22]. So the method of statistical distribution is highly
dependent on the sample set, and it was prone to meet local
minimum when the sample is not enough. In the study of
using distance measurement method to determine feature
weight, He et al. assigned weights of EMG features by ReliefF
distance, but when the training samples were insufficient, it
was prone to gain the unreasonable feature weight assign-
ment [23]. Fan et al. proposed an improved ReliefF
algorithm, which determined the feature weight by ReliefF
distance, but when the training samples were uneven, it was
prone to gain the unreasonable weight distribution [24]. So
the method based on distance measurement is highly depen-
dent on training samples, when the selected training data
samples were uneven or the training was insufficient, the
weight distribution obtained might be unreasonable. To
overcome the weakness of the algorithms above, in this
paper, the statistical distribution and the distance measure-
ment methods are considered, and we propose a feature
extraction algorithm based on the combination of dispersion
ratio and ReliefF distance. Firstly, the statistical distribution
weight is obtained by computing the dispersion ratio. Disper-
sion ratio is the proportion of the intraclass variance and the
interclass variance ratio. Gong et al. proposed to maximize
interclass variance and minimize intraclass variance to calcu-
late the dispersion ratio and filtered out the best feature
subsets to improve model performance [25]. Chiara et al.
calculated the intraclass and interclass distance to obtain
the dispersion ratio of the micro-CT samples, and the

damage categories were distinguished by the dispersion ratio
[26]. Then, the distance measurement weight is obtained by
computing the ReliefF distance. ReliefF distance is iteratively
difference of the intraclass and the interclass feature distance.
Lin et al. proposed a newmultilabel feature selection method,
which determined the feature weight by ReliefF distance to
select the best feature subset [27]. Jin et al. researched the
image feature of PD diseases and SWEDD diseases, and the
feature weight of two diseases image were assigned by ReliefF
distance [28]. Finally, the statistical distribution weight and
distance measurement weight are fused by the D-S evidence
theory. The best feature weights both considering the statisti-
cal distribution and distance measurement of sample feature
are obtained. In conclusion, the feature extraction algorithm
based on the combination of dispersion ratio and ReliefF
distance is proposed in this paper, which combines the
advantages of different sources feature (ultrasound and eddy
current), makes up for the error of different detection
methods, and makes the quantitative estimation of defect
depth more accurate.

This paper has been organized as follows. In Section 2,
the feature extraction methods from PEC signals and UT
signals in the time domain and frequency domain are
described in detail. In Section 3, dispersion ratio and ReliefF
distance algorithms are introduced to weigh the features
from different domains. In Section 4, the D-S fusion algo-
rithm is established to calculate best feature weight and
select the optimal features. In Section 5, the results of the
experiment are shown to analyze the preferment of the algo-
rithm proposed in this study.

2. Feature Extraction from Pulsed Eddy Current
and Ultrasonic Signals

Based on the PEC and UT detection principles, the PEC and
UT signals are analyzed in time domain, frequency domain,
and time–frequency domain, and the feature framework of
PEC and UT signals is established.

2.1. Feature Extraction from Pulsed Eddy Current Signals.
When a metal conductor is placed in a changing magnetic
field, a vortex-like induced current or eddy current will be
generated in the conductor. The coil is injected with an exci-
tation signal by the pulsed excitation source and generates
the excitation magnetic field inductively. When defects exist
in the specimen, the induced eddy current and magnetic field
distribution inside the specimen will change because of the
impact of the defects. The characteristic of defects in the
specimen can be obtained by analyzing the variation of the
current and magnetic field, as shown in Figure 1.

At the rising or falling edge of the given square wave sig-
nal, the excitation magnetic field induced will generate eddies
inside the specimen based on the principle of eddy current
generation. When the square wave signal is kept at the same
level, the coil will stop generating the excitation magnetic
field, and the eddy current signal inside the specimen will
decline. It can be determined whether defects are existed or
not in the specimen according to the change of the eddy
current distribution.
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The PEC signal curve is similar to the square wave signal
of excitation in the time domain, and it is also a periodic sig-
nal; the period is the same as the excitation. At the beginning
and end of each period, the voltage of the PEC signal is con-
siderably larger than the other data, which is called the split
voltage, and can be obtained by Python. Thus, the PEC data
matrix is obtained for one period corresponding to a PEC test
accurately. Then, PEC data is analyzed by the box–graph
method to handle outliers; the outliers are found and
replaced with the mean value of the voltage nearby. However,
the PEC signal contains more high-frequency noise and is
always in the state of high-frequency oscillation. The wavelet
threshold algorithm and cumulative average algorithm are
applied to eliminate high-frequency noise. The denoising
results are compared in Figure 2; the signals after the wavelet
threshold denoising algorithm and the cumulative average
algorithm are smoother.

Fourier transform is used to denoising the signal to
obtain its frequency domain signal, and the time and fre-
quency domain curves are shown in Figure 3. The peak value,
peak time, and zero-crossing time can be extracted in the
time domain, and the amplitude of fundamental component

and third harmonic component can be extracted in the
frequency domain.

2.2. Extraction Method of Ultrasonic Signals. UT detection
method has been widely applied in component fault prevention
and diagnosis. Due to the advantages of accurate positioning
and high sensitivity, type-A pulsed reflection, UT flaw detector
is widely used. When the defects exist in the specimen, the
acoustic impedance is changed. When UT waves encounter
different acoustic impedance, the reflection time will be chan-
ged. The size and depth of internal defects in the specimens
are quantified based on reflection time and amplitude. UT is
carried out on the specimens with different depth defects, and
the ultrasonic echo signals without defects and 3.5mm deep
defects are selected for analysis, as shown in Figure 4.

Based on the UT testing principle, the change of acoustic
impedance caused by different defects will cause different UT
signal reflection. So, the defects are detected by analyzing the
defect echo signal, which can be obtained by the difference of
the signals with and without defects.

The wavelet threshold algorithm eliminates the noise of
UT signal, and the result is shown in Figure 5, and the defect
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Figure 1: Distribution of induced magnetic field in specimen with and without defects.
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Figure 2: The denoising result comparison.
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echo signal is obtained by differential of the UT signals after
denoising, and the result is shown in Figure 6. Then, the
feature from the differential signal can be extracted, such as
the maximum differential peak value and the second differ-
ential peak value.

2.3. Feature Parameter Extraction from Pulsed Eddy Current
and Ultrasonic. The feature parameters are extracted from
the response curves in the time domain and frequency
domain, and each feature parameter may contain informa-
tion to reflect defect characteristics. In this study, ten feature
parameters are extracted from the PEC signal, and five fea-
ture parameters are extracted from the UT signal, as shown
in Table 1. xiðtÞ is the response curve data changing with
time, and N is the length of response curve.

Fifteen feature parameters are extracted from PEC signal
and UT response curves to establish the feature framework; it
is still not certain that each feature parameter contains useful
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Figure 3: Frequency domain response curve of pulsed eddy current.
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information for defect detection. Therefore, it is necessary to
establish a mathematical model for further analysis and
weight the feature parameters. In this study, the dispersion
model is established, and the standard deviation (SD) of is
calculated to measure the statistical distribution weight. The
ReliefF (RF) model is established, and the ReliefF distance
is calculated to measure the distance measurement weight.
The D-S evidence theory is used to fuse two kinds of weights
to obtain the best feature weight. The feature parameters are
selected according to the weight sorting result.

3. Feature Parameter Weight Algorithm

A feature parameter weight algorithm based on dispersion
ratio and ReliefF distance is proposed, which is shown as
Figure 7.

Firstly, the common feature parameters from the differ-
ential signal of PEC and UT are extracted in time domain
and frequency domain. Then, the dispersion model and
ReliefF model are established to obtain statistical distribution
weight and distance measurement weight. Finally, the
weights are fused from the two different algorithms by the
D-S evidence theory to obtain the best feature parameters.

3.1. Dispersion Evaluation Model. Generally, features should
satisfy the condition that the dispersion of the feature
between the same depths should be as large as possible, and
the dispersion of the feature between different depths should
be as small as possible. Therefore, the method for measuring
the validity of features is constructed. The dispersion ratio is
defined to reflect the validity of the feature, and it is the pro-
portion of the interclass scatter and the intraclass scatter. The

feature is more valid when the dispersion ratio is greater. In
the experiments, the number of the defect classes denotes as
t. ni is the number of total sample sets of ith class; φ is the
set of all the parameters; f i,j is the value of feature parameter
j in the ith class. The intraclass scatter of feature parameter j
can be calculated as follows:

Sw,j = 〠
t

i=1
〠
ni

j=1
f i,j −

∑ni
j=1 f i,j
ni

 !2

, p ∈ φ: ð1Þ

The interclass scatter of parameter j is expressed as follows:

Sb,j = 〠
t

i=1
ni ·

∑ni
j=1 f i,j
ni

−
∑t

i=1∑
ni
j=1 f i,j

∑t
i=1ni

 !2

: ð2Þ

Then, the statistical distributionweight of feature parameter
j can be calculated as follows:

dj =
Sb,j
Sw,j

: ð3Þ

3.2. ReliefF Evaluation Model. ReliefF algorithm is a feature
weight algorithm. The principle is to calculate the correlation
between features and samples of different types, which means
ReliefF distance (it is obtained by iteratively calculating the
difference between the distance between features and similar
samples and the distance between features and different
samples). Then, distance measurement weight is measured
according to the ability of features to distinguish sample

Table 1: Feature parameter description of PEC and UT response curve.

Label Parameter Meaning Source

1 Peak The maximum voltage over a period, except for fluctuations at the beginning and end PEC

2 Peak time The time it takes to reach the peak (x-axis) PEC

3 Zero-crossing time The time difference of zero between the first and the second voltage values PEC

4 Mean value �x 1/N〠N

i=1xi tð Þ PEC

5 Mean square error �x2rms 1/N〠N

i=1xi tð Þ
PEC,
UT

6 Pulse index Cf 1/N〠N

i=1x
2
i tð Þ PEC

7 Crooked degree index Cw Xp/�x PEC

8 Kurtosis index Cq 1/N〠N

i=1 xij j − �xð Þ4/x4rms
PEC,
UT

9
Amplitude of fundamental

component
The amplitude of the first peak of the response curve in the frequency domain PEC

10
Amplitude of third

harmonic component
The amplitude of the third peak of the response curve in the frequency domain PEC

11 Defect band mean
The mean ordinate of the bands with significant defect signals in the differential response

curve
UT

12 Maximum differential peak
The maximum peak value of the wave caused by the difference between the defect and the

nondefect signals in the differential signal
UT

13 Second differential peak
In the differential signal, the second peak value of the wave is caused by the difference between

the defect and nondefect signals.
UT
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categories. In the experiments, the sample set of the ith class
denotes as Xi. The depth of the sample in the same class is the
same. There is a matrix Aj to represent each parameter j. Each
row represents an experimental measurement of the same
parameter. The specific steps are as follows:

Step 1. An experiment sample Ri is randomly taken from all
samples in the same parameter.

Step 2. The k experimental samples are taken from the same
class with Ri, which is near with the selected sample in Step
1. This k experimental sample set denotes as Hi.

Step 3. The k experimental samples are taken from the lth
class different with Ri, which is near with the selected sample
in Step 1. This k experimental sample set denotes as Mi,l.

Step 4. The RH and RMi are calculated. RH is the mean
distance between Ri and each sample of Hi. RMl is the mean
distance between sample Ri and each sample of Mi,l.

The normalized formula between R1 and R2 is defined as
follows:

r j,1,2 =
∣R1∣− R2j jj j

max Aj

� �
−min Aj

� � , ð4Þ

where R1 and R2 are two samples and ∣ R1 ∣ and ∣R2 ∣ are
values of the sample.

The formula of RH and RMl is as follows:

RH = 1
k
〠
k

i=1
rj,i,i,

RMl =
1
k
〠
k

l=1
r j,i,l:

8>>>>><
>>>>>:

ð5Þ

RH and RMl are used to reflect the intra- and interclass
dispersions, respectively.

Response curve

Feature extraction

Build feature framework

SD dispersion ratio

Statistical distribution
weight

ReliefF distance

Distance measurement
weight

D-S evidence theory

�e best feature 
parameters

Feature parameters
weighting sorting

Feature extraction

ReliefF
model

Dispersion
model

Feature weight
fusion model

Figure 7: Block image of the feature parameter weight algorithm.

Table 2: Weight of each parameter extracted from PEC signals.

Label 1 2 3 4 5 6 7 8 9 10

SD 0.0370 0.0573 0.0455 0.1572 0.0673 0.0020 0.0004 0.1645 0.1728 0.2959

RF 0.4508 0.3028 0.1285 0.0278 0.0128 0.0008 0.0015 0.0150 0.0376 0.0225

DS 0.2743 0.2871 0.0969 0.0713 0.0146 0.00002 0.000009 0.0414 0.1018 0.1126

Note: SD, RF, and DS represent the SD discrete radio, ReliefF algorithm, and D-S fusion, respectively.
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Step 5. The weight of parameter j denotes as wj, and the
initial value of the parameter is zero. An update of parameter
weight can be expressed as follows:

Δwj = 〠
t

i=1

P Xið Þ
1 − P Xf

� �RMl − RH, i ≠ f , ð6Þ

whereA is a parameter and PðXiÞ is the proportion of classXi.

Step 6. The final weight matrix wj is obtained by the sample
set. That is, repeat m randomly in the same parameter.

wj =wj,0 +
∑m

l=1Δwj

m
: ð7Þ

3.3. Feature Fusion Model Based on D-S Evidence Theory.
Based on the above discussion, the measure of the statistical
distribution and distance measurement weights is obtained
by dispersion model and ReliefF model. These two methods
have their advantages and disadvantages, and how to use
them comprehensively to select the feature parameters has
become a key problem. D-S evidence theory is used to deal
with this problem. The main principle of the D-S evidence
theory is to fuse the decision-making layer through an uncer-
tain reasoning method, which also can fuse of incomplete or
even conflicting information evidence. The specific imple-
mentation is as follows:Therefore, the weight matrix should
be normalized, as shown as follows:

m jð Þ = wj

∑D
j=1wj

, ð9Þ

wheremðjÞ is the trust of the feature parameter j andwj is the
weight of feature parameter j. The evidence theory rules can
be expressed as follows:

m1 ⊕m2 Að Þ = 1
K
m1 Að Þ ·m2 Að Þ, ð10Þ

where m1ðAÞ is the trust of the feature parameter A, which is
obtained by the ReliefF algorithm and m2ðAÞ is the trust of
the feature parameter A, which is obtained by SD. m1 ⊕m2
ðAÞ is the new weight of the reliability of parameters
obtained by D-S evidence theory.

Step 1. The value obtained by SD and the weight matrix
obtained by the ReliefF algorithm is merged into a two-
column matrix. The new feature parameter weight matrix
Θ is obtained.

Step 2. The weight calculated by the two methods can be
considered the concept of trust. The mass function is defined
based on previous ideas. The trust of the feature parameter A
is mðAÞ, that is,

m ∅ð Þ = 0,

〠
A⊆φ

m Að Þ = 1:

8><
>: ð8Þ

K is the normalized constant as follows:

K = 〠
B∩C≠∅

m1 Bð Þ ·m2 Cð Þ = 1 − 〠
B∩C=∅

m1 Bð Þ ·m2 Cð Þ: ð11Þ

4. Analysis of Experimental Results

PEC and UT detectors are used for detection, respectively.
PEC test adopts the pulse signal with the frequency of
100Hz, the peak value of 5V, and duty cycle of 50% as exci-
tation signal, and the sampling frequency is set to 200 kHz;
UT test adopts edible oil as a coupling agent to make the
detection probe and test piece closely fit, and the sampling
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frequency is set to 5MHz; transmitting and receiving mode is
set to single probe working mode. The experiment data are
collected from a different depth of defects from the PEC sig-
nal and UT signal to evaluate the feature parameter extrac-
tion algorithm’s performance. The PEC feature parameters
can be extracted as Table 1, and the measure of the statistical
distribution and distance measurement weights of each

parameter can be calculated though SD and ReliefF algo-
rithm by Eq. (3) and Eq. (7). Finally, the normalized weight
through D-S fusion theory is obtained, as shown in Table 2
and Figure 8. And it shows that the weight of feature param-
eters labeled 4, 8, 9, and 10 is larger than others. Therefore,
the mean value of the signals, the kurtosis index, amplitude
of the fundamental component, and amplitude of the third
harmonic components are selected as PEC signals of the
feature parameters.

The UT feature parameters can be also extracted as
shown in Table 1. The measure of the statistical distribution
weight, distance measurement weight, and fused weight are
shown in Table 3 and Figure 9. And it shows that the weight
of feature parameters labeled 11 is larger than others. There-
fore, the defect band mean is selected as the optimal feature
parameter of UT.

In order to ensure the validity of the features extracted,
the number of samples for many times is changed in the
paper. From the results, the above features (Nos. 4, 8, 9,
and 10 features of PEC signal and No. 11 feature of UT sig-
nal) still have larger weights. It shows the features selected
have low sensitivity to the change of the sample set and uni-
versality and better universality. Thus, the features of PEC
and UT signals extracted by the model have better validity
in different situations, as shown in Table 4.

To evaluate the performance of the feature parameter
extraction algorithms, the algorithm proposed in this paper
and PCA algorithm was compared, and the depth of the sub-
surface defections was calculated based on the data from the
experiments above. To detect the depth based on the
extracted feature parameters after fusion algorithm and the
extracted feature parameters from single signal, the results
are shown in Figure 10.

In order to test the effectiveness of the feature extraction
method, the materials with subsurface defect depths of
0.5mm, 1mm, 1.5mm, 2mm, 2.5mm, 3.5mm, 4mm, and
4.5mm are detected by PEC and UT, respectively; then, the
method proposed and PCA are used to extract the features
of the PEC and UT testing data. Finally, the depth of subsur-
face defects is quantitatively estimated by the features
extracted, and the average error of quantization is shown in
Figures 10 and 11. The results show that the defect depth esti-
mation errors of PEC and UT based on PCA are similar, and
the proposed method has the minimum average error. When
the depth of defect is between 2mm and 3mm, the accuracy
of the proposed method is close to that of PEC. When the
depth of defect is shallower or deeper, the accuracy of depth
estimation of feature parameters selected by the algorithm is
obviously higher than that of the other two.

5. Conclusion

This study proposes an algorithm for extracting feature
parameters of NDT based on fusion theory. Firstly, PEC
and UT signal data with different defect depths are prepro-
cessed to handle outliers and noise, and the time and
frequency domain feature parameters are extracted to form
a feature framework. Then, the statistical distribution and dis-
tance measurement weights of feature parameters are

Table 4: Feature parameters from different sources.

Source Feature parameters

PEC
The mean value of the signals, kurtosis index, amplitude of

fundamental component, and amplitude of third
harmonic component

UT Defect band mean
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Table 3: Weight of each parameter extracted from UT signals.

Label 12 13 11 5 8

SD 0.0070 0.0063 0.9704 0.0106 0.0058

RF 0.2518 0.0439 0.6489 0.0334 0.0219

DS 0.0028 0.0004 0.99602 0.0006 0.0002
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calculated using dispersion ratio and ReliefF distance algo-
rithm, and the D-S evidence theory is used to fuse two kinds
of weights to obtain the best feature weight. Finally, through
the subsurface defect depth quantization experiment, it is
proved that the feature parameters obtained in the paper have
better validity and accuracy for defect depth quantification.

Data Availability

The simulation data used to support the findings of this study
are included within the article.

Conflicts of Interest

The authors declare that there is no conflict of interest
regarding the publication of this paper.

Acknowledgments

The authors disclosed receipt of the following financial sup-
port for the research, authorship, and/or publication of this
article. The authors acknowledge the support of the Zhejiang
provincial Natural Fund Project of China (LQ19F010012).

References

[1] K. Y. Li, W. J. Gao, P. Wang, Y. Zhang, and C. Hang, “Yield
strength test method of ferromagnetic materials based on
pulsed eddy current,” China Mechanical Engineering, vol. 30,
no. 18, pp. 2143–2149, 2019.

[2] L. Zhang, “Experimental study on ultrasonic detection of
defects in hot melt welding of PE pipes,” Application of Engi-
neering Plastics, vol. 2, pp. 90–94, 2015.

[3] B. T. Liu, X. W. Luo, P. J. Huang, D. Hou, and G. Zhang, “Eddy
current/ultrasonic composite testing method for subsurface
defects of conductive structures,” Journal of Zhejiang Univer-
sity: Engineering Edition, vol. 51, p. 690, 2017.

[4] B. T. Liu, Y. R. Chen, H. B. Yang, and Z. Q. Wang,
“Research on the algorithm of subsurface defect depth
detection based on multi-sensor cloud fusion technology,”
Journal of Sensing Technology, vol. 12, pp. 124–129, 2017.

[5] Y. L. Li, Y. Jin, J. M. Wang, Z. T. Xiao, and L. Geng, “Overview
of facial feature point extraction methods,” Journal of Com-
puter Science, vol. 39, no. 7, pp. 1356–1374, 2016.

[6] B. Tang, J. Y. Kong, and S. Q. Wu, “Overview of machine
vision surface defect detection,” Chinese Journal of Image
Graphics, vol. 22, no. 12, pp. 1640–1663, 2017.

[7] N. A. A. Latif, I. M. Z. Abidin, N. Azaman, N. Jamaludin, and
A. A. Mokhtar, “A feature extraction technique based on factor
analysis for pulsed eddy current defects categorization,” IOP
Conference Series: Materials Science and Engineering,
vol. 554, no. 1, article 012001, 2019.

[8] F. C. Cruz, E. F. Simas Filho, M. C. S. Albuquerque, I. C. Silva,
C. T. T. Farias, and L. L. Gouvêa, “Efficient feature selection for
neural network based detection of flaws in steel welded joints
using ultrasound testing,” Ultrasonics, vol. 73, pp. 1–8, 2017.

[9] M. Li, L. Yang, and Y. H. Zhang, “Research on feature extrac-
tion of ultrasonic flaw signal based on EMD and principal
component analysis,” China Measurement & Testing Technol-
ogy, vol. 44, no. 2, pp. 118–121, 2018.

[10] Z. C. Wang and Y. X. Wang, “Thickness of multi-layers detec-
tion by pulsed Eddy current and time frequency characteristic
extraction,” Transducer and Microsystem Technologies, vol. 37,
no. 1, pp. 18–21, 2018.

[11] Y. L. Nan, L. X. Yang, R. F. Que, and L. D. Zhuang, “A recog-
nition technique based on KPCA for pulsed eddy current
defects categorization,” Internet of Things Technologies,
vol. 7, no. 2, pp. 66–69, 2017.

[12] Y. Luo, S. L. Zhao, X. C. Li, Y. H. Han, and Y. F. Ding, “Text
keyword extraction method based on word frequency statis-
tics,” Journal of Computer Applications, vol. 36, no. 3,
pp. 718–725, 2016.

[13] X. Zhang, C. Mei, D. Chen, and J. Li, “Feature selection in
mixed data: a method using a novel fuzzy rough set-based
information entropy,” Pattern Recognition, vol. 56, pp. 1–15,
2016.

[14] G. G. Zhang and X. H. Xu, “SAR image target recognition
algorithm based on weighted texture features,” Foreign Elec-
tronic Measurement Technology, vol. 34, no. 9, pp. 22–25,
2015.

[15] F. Afza, M. A. Khan, M. Sharif, and A. Rehman, “Microscopic
skin laceration segmentation and classification: a framework of
statistical normal distribution and optimal feature selection,”
Microscopy Research and Technique, vol. 82, no. 9, pp. 1471–
1488, 2019.

[16] A. Niwatkar and Y. K. Kanse, “Feature extraction using wave-
let transform and Euclidean distance for speaker recognition
system,” in 2020 International Conference on Industry 4.0
Technology (I4Tech), Adina Apartment Hotel Perth Barrack
Plaza, Perth, Australia, 2020.

[17] X. Wang and X. Qian, “Total variance based feature point
selection and applications,” Computer-Aided Design, vol. 101,
pp. 37–56, 2018.

[18] P. C. Zhou, X. M. Liu, and W. X. Xu, “Feature weighting algo-
rithm based on class variance,” Application Research of Com-
puter, vol. 35, no. 12, pp. 3538–3540, 2018.

[19] H. Li, Y. Zhang, X. Wang, and J. Xu, “Analysis of user power
characteristic weight based on improved ReliefF and FCM
clustering,” in 2017 international conference on computer tech-
nology, electronics and communication (ICCTEC), pp. 589–
592, Dalian, China, 2017.

[20] B. Li, T. Wen, C. Hu, and B. Zhou, “Power system transient
stability prediction algorithm based on ReliefF and LSTM,”
in International Conference on Artificial Intelligence and Secu-
rity, pp. 74–84, Springer, Cham, 2019.

[21] Y. X. Chen, X. X. Dong, H. C. Xiang, and Z. Y. Cai, “Group
clustering combined weighting method based on information
entropy,” China Management Science, vol. 23, no. 6,
pp. 142–146, 2015.

[22] C. Hu, X. J. Wu, and J. Kittler, “Semi-supervised learning based
on GAN with mean and variance feature matching,” IEEE
Transactions on Cognitive and Developmental Systems,
vol. 11, pp. 539–547, 2019.

[23] H. E. Tao, H. U. Jie, X. I. Peng, and G. U. Chaochen, “Feature
selection of EMG signal based on Releiff algorithm and genetic
algorithm,” Journal of Shanghai Jiaotong University, vol. 50,
no. 2, pp. 204–208, 2016.

[24] C. Fan, X. Zhong, and J. Wei, “Improvement of ReliefF algo-
rithm for feature weighting fingerprint-based localization,” in
2019 IEEE Wireless Communications and Networking Confer-
ence (WCNC), Seoul, South Korea, 2019.

9Journal of Sensors



[25] Z. Gong, P. Zhong, W. Hu, and Y. Hua, “Joint learning of the
center points and deep metrics for land-use classification in
remote sensing,” Remote Sensing, vol. 11, no. 1, p. 76, 2019.

[26] C. Giraudo, M. Montisci, A. Giorgetti et al., “Intra-class and
inter-class tool discrimination through micro-CT analysis of
false starts on bone,” International Journal of Legal Medicine,
vol. 134, no. 3, pp. 1023–1032, 2020.

[27] L. Sun, T. Yin, W. Ding, Y. Qian, and J. Xu, “Multilabel feature
selection using ML-ReliefF and neighborhood mutual infor-
mation for multilabel neighborhood decision systems,” Infor-
mation Sciences, vol. 537, pp. 401–424, 2020.

[28] L. Jin, Q. Zeng, J. He, Y. Feng, S. Zhou, and Y. Wu, “A ReliefF-
SVM-based method for marking dopamine-based disease
characteristics: a study on SWEDD and Parkinson's disease,”
Behavioural Brain Research, vol. 356, pp. 400–407, 2019.

10 Journal of Sensors


	An Improved Feature Parameter Extraction Algorithm of Composite Detection Method Based on the Fusion Theory
	1. Introduction
	2. Feature Extraction from Pulsed Eddy Current and Ultrasonic Signals
	2.1. Feature Extraction from Pulsed Eddy Current Signals
	2.2. Extraction Method of Ultrasonic Signals
	2.3. Feature Parameter Extraction from Pulsed Eddy Current and Ultrasonic

	3. Feature Parameter Weight Algorithm
	3.1. Dispersion Evaluation Model
	3.2. ReliefF Evaluation Model
	3.3. Feature Fusion Model Based on D-S Evidence Theory

	4. Analysis of Experimental Results
	5. Conclusion
	Data Availability
	Conflicts of Interest
	Acknowledgments

