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Ball screw is one of the main basic transmission components in CNC machine tool feed system because of its high transmission
efficiency, positioning accuracy, and rigidity. It plays an irreplaceable role in the process of machine tool torque transmission and
positioning. However, ball screw is also one of the parts which are easy to break down in the feed system. If it breaks down, it will
affect the processing accuracy of the whole machine tool and even cause shutdown. Numerical control means that digital control is
a high-efficiency technology that uses digital information to control mechanical movement and processing processes. Therefore, to
increase the high-speed and high-precision operation ability of CNC machine tools, research and development of efficient and
reliable predictive maintenance and issue identification technology to guide maintenance of CNC machine tools are critical.
Throughout this study, a bispectrum image-based embedded defect fight against the disease for cylindrical gears is provided.
Firstly, the bispectrum of fault signal is generated by Wavelet Packet Threshold denoising, wavelet packet reconstruction, and
bispectrum analysis, and the characteristics of bispectrum are represented by the first kind of gray moments. These feature
statistics are used as input feature vectors of BP neural network pattern recognition algorithm to classify these feature sets and
identify the corresponding gear fault types. Experiments show that under the condition of noise, after 14.5 hours of testing, the
NGI has increased significantly and can be used to diagnose faults in the gear system, and the method achieves relatively ideal
recognition rate and verifies the feasibility of gear box fault diagnosis method based on image recognition. The code compiled
by OpenCV library is easy to transplant to embedded system, with high development efficiency and reliable program
operation. OpenCV has the characteristics of powerful matrix computing capability and convenient and flexible interface, and
it is a general algorithm that can realize real-time image processing.

1. Introduction

Ball screw pair was born in the early 20th century. Because of
the complexity of its manufacturing process, it has not been
popularized for a long time. General Motors is the first com-
pany to use ball screw pairs innovatively as automotive tech-
nology [1, 2] and to make reasonable arrangements for
automotive steering parts. In the 1940s, the United States pro-
duced a large number of ball screw pairs. Three years later, the
first application of ball screw pairs was carried out on aircraft.
The development of precision screw grinder has greatly pro-
moted the further improvement of ball screw pair technology.
Along with the development of a large number of electrical
industry, it also affects the research and development of ball

screw pair. After 1950, ball screw pairs began to be popular-
ized in most countries. Some companies are the main pro-
ducers [3–5]: ROTAX Company in Britain, NK Company in
Japan, and so on. China began to study ball screw pairs around
1960. After half a century of development, domestic ball screw
pairs have achieved great success with a certain scale, but there
is still a big gap between them and developed countries,
although there are many domestic manufacturers. However,
the technology is uneven; most of them belong to the initial
stage and small production stage. For some large manufactur-
ers, their output is very small.Moreover, the quality of produc-
tion cannot match with the mechanical products [6, 7].

The components of ball screw pair are screw, nut, ball,
and reverser. The ball is in the spiral groove and clamped
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between the screw and the nut. As a rolling element, it con-
stitutes a complete ball chain reciprocating system [8].
While the screw rod rotates continuously, the ball moves at
the same time. Its track is the thread of the nut, and the
movement of the ball is not only rotating relative to the
screw rod but also rotating to itself. From such a motion sys-
tem, we can know that there is resistance caused by contact
between different balls and between balls and nuts [9]. The
guide devices such as reversers are installed at the ends of
nuts to avoid the ball from accidentally leaving its track in
the course of movement. The guide device and the thread
of the nut constitute a closed loop, so the ball rolls repeatedly
on its orbit with rotation [10]. Ball screw is one of the impor-
tant components in the precision technology industry and
precision machinery industry. It has the characteristics of
high positioning accuracy and low pollution. Ball screw has
become one of the important components in the positioning
and measurement system of the precision technology indus-
try and precision machinery industry recently.

At present, there is a big gap in the production level and
quality of ball screw pairs at home and abroad, such as speed
and accuracy can fully reflect [11, 12]. At present, the speed
and acceleration of domestic ball screw pairs are more than
half of the distance from abroad. The globalization of eco-
nomic development and the rapid development of technol-
ogy have resulted in the vigorous development of
machinery manufacturing industry in today’s society. Ball
screw pair is a necessary part of some electrical and automa-
tion machinery, so the development of ball screw pair
restricts the development of mechanical manufacturing. At
present, due to the development of polar linear motor in
order to achieve maximum speed, but due to the production
process is too complex and high cost, it has not been pro-
moted [13]. This prompted the ball screw pair to make more
efforts in speed drive to meet the requirements of social and
mechanical progress [14].

Due to the recent development of machinery in full
swing, the speed has increased nearly three times, reaching
the high speed of development [15]. Such a rapid develop-
ment has great advantages: in a fixed period of time, the pro-
cessing speed of materials can be increased by about five
times, which is conducive to the current high-speed process-
ing; The processed parts will not generate excessive heat due
to high-speed operation [16]; parts can be made more pre-
cise and cleaner by high-speed processing technology; the
residual pressure on the surface of the processed devices will
be much smaller [17]. Because of the high-speed level and
obvious advantages of this kind of processing objects, the
development of this technology has attracted sustained
international attention, especially in the American aerospace
industry, which has been widely applied. At present, such
technology can be seen in various automobile manufactur-
ing and mechanical production. The development of high-
speed machining technology has put forward higher require-
ments for high-speed manufacturing of ball screw pairs. Ball
screw pair to achieve high speed is to increase its lead and
rotation speed and to solve these problems is facing great
challenges [18, 19]. The guide of ball screw pair is deter-
mined by its diameter, so we must consider the relationship

between the diameter and the lead to solve it. If we blindly
increase the lead, it will also bring some side effects [20],
so we must find the equilibrium state. The speed of the ball
screw pair is determined by the critical resonance speed NC,
which is related to the material and product specifications of
the screw rod. The DN value is used to identify the critical
safe speed of ball movement in thread trajectory and reverse
trajectory. D is the diameter of the screw rod, and N is the
speed of the screw rod. In order to make the speed faster
[21, 22], it is necessary to study the design of threads and
the reverse device more carefully, to improve the bearing’s
compressive resistance, and to require more stringent accu-
racy, so as to improve the DN value [23]. Attention should
be paid to the noise caused by high-speed operation and
the increase of temperature. Reasonable solutions to the
problems described will effectively improve the current
high-speed development of ball screw pairs. In order to
achieve rapid development, we can adopt some convenient
methods, such as reasonable replacement of some parts of
the screw pair, ball, and nut, so as to achieve the optimiza-
tion and upgrading of the overall level of the object [24].
Of course, these measures must be supported by real exper-
imental data. In order to achieve the real experimental test
[25], first of all, a reasonable test method must be estab-
lished and a unified standard should be applied to the
dynamic test of ball screw pairs [26, 27]. It is necessary to
combine theory with practice so as to make innovative
devices with real theoretical basis. Nowadays, Gangang is
starting in this field in China. It is necessary to learn and
explore advanced technology from abroad. Therefore, in
the future, through the development of mechanization,
the ball screw will realize the development of high precision
and high efficiency, which can improve the production effi-
ciency of CNC machine tools.

Because of its high transmission efficiency, positioning
accuracy, and stiffness, ball screw pair has become one of
the main basic transmission components in the feed system
of NC machine tools. It plays an irreplaceable role in the
moment transmission of machine tools and in the process
of processing and positioning. When the ball screw pair fails,
it will directly affect the normal work of CNC machine tools.
Therefore, theoretical and experimental research on mecha-
nism analysis, condition monitoring method, state signal
acquisition, processing, feature extraction and screening,
model establishment, fault identification, and diagnosis of
typical faults of ball screw pairs of machine tools are carried
out. Developing an efficient and reliable condition monitor-
ing and fault diagnosis system for ball screw pairs of NC
machine tools is of great significance to ensure the high-
speed and high-precision operation ability of NC machine
tools, the processing accuracy of parts, and improving the
production efficiency of machine tools. The dual-spectral
image is to realize the registration of ultraviolet-infrared
dual-spectral images, which can provide strong technical
support for the current ultraviolet-infrared dual-spectral
detection field.

In this paper, an embedded fault diagnosis method based
on bispectrum image is proposed for cylindrical gears.
Firstly, the bispectrum of fault signal is generated by Wavelet

2 Wireless Communications and Mobile Computing



Packet Threshold denoising, wavelet packet reconstruction,
and bispectrum analysis, and the characteristics of bispec-
trum are characterized by the first kind of gray moments.
These feature statistics are used as input feature vectors of
BP neural network pattern recognition algorithm, and then
these feature sets are classified to identify the corresponding
gear fault type. Experiments show that under the condition
of noise, the method achieves relatively ideal recognition rate
and verifies the feasibility of gear box fault diagnosis method
based on image recognition. The code compiled by OpenCV
library is easy to transplant to embedded system, with high
development efficiency and reliable program operation.
The samples are extracted every 40 minutes, and the signal
features can be correctly extracted when SNR=0.

2. Proposed Method

2.1. Wavelet Decomposition and Reconstruction. The charac-
teristic of wavelet analysis is that the size of the window is
fixed and the shape is variable. It can analyze localized sig-
nal. Its time resolution and frequency resolution can be
adjusted automatically according to the signal frequency.
Wavelet analysis has developed rapidly in recent years,
which is of great significance and widely used. Wavelet anal-
ysis can represent the local characteristics of the signal,
which is suitable for observing the transient abnormal signal
and analyzing its components, so it is called the analysis sig-
nal microscope. Wavelet can be used for multi-resolution
analysis. At many scales, motions as well as pictures can all
be fragmented. After denoising, the denoised signals or
images can be obtained by inverse transformation. It has
been proved in many fields that the performance of wavelet
analysis is better than that of Fourier transform in the pro-
cessing of non-stationary signals and images. So, in a very
short time after the emergence of wavelet analysis, good
application results have been achieved in radar signal analy-
sis, fault diagnosis, speech segmentation and synthesis, sig-
nal information processing, geophysical exploration, image
processing, and other fields.

Let xðtÞ be a finite energy function, that is xðtÞ ∈ L2ðRÞ,
its wavelet transform function is:

wx a, b ; φð Þ =
ð∞
−∞

x tð Þφa,b tð Þdt, a > 0: ð1Þ

φa,bðtÞ is the basic wavelet functions are translated and
scaled to obtain:

φa,b tð Þ = a−1/2ψ t − b
a

� �
: ð2Þ

In the formula: b - positioning parameter; a >0 is scale
parameter. The a−1/2 factor is a normalized constant, so that
the energy remains unchanged before and after the transfor-
mation. The Fourier substring spectral expression is just as
shown in:

ψ
Λ

a,b ωð Þ = a1/2ψΛa,b aωð Þ: ð3Þ

Wavelet transform is a new transform analysis method.
It inherits and develops the idea of localization of short-
time Fourier transform, and at the same time overcomes
the shortcomings of window size not changing with fre-
quency. When the scale parameters become smaller, the
time domain resolution becomes higher, and the corre-
sponding frequency domain resolution is very low. When
the scale parameters become larger, the frequency domain
resolution becomes higher and the corresponding time
domain resolution becomes lower. Wavelet transform has
the advantage of adaptive window. Time series is an infor-
mation evaluation method for moment geolocation with a
given sliding window and adjustable size. The low-pass sec-
tion has greater range accuracy but lower time granularity,
while the terahertz portion has larger data rate but shorter
wavelengths level of detail.

Wavelet packet analysis can provide a more refined
method for signal analysis, which divides the frequency band
into multiple bands, especially for the high-frequency part
which has not been subdivided in multi-resolution analysis,
so that the spectrum and frequency band match. The
decomposition process is a signal (S), low-pass filtering
(A), and high-pass filtering (D) process, which has been
going on, so that the low-frequency and high-frequency
components reach a very fine level, as shown in Figure 1.
It can be analyzed in the whole time-frequency domain to
obtain more parameters. The signal is decomposed into sev-
eral sequences, each of which corresponds to a certain fre-
quency band component of the original signal. Through
the wavelet analysis, the picture signal can be checked and
analyzed locally in the case of a fixed size, which is used to
improve the accuracy of the signal analysis.

Fractal criterion est une: This borderline est une of a
message entails first performing a decomposition method
and then performing cutoff point est une.

Let nðtÞ = f ðtÞ + eðtÞ be a noise signal, f ðtÞ is an ideal
signal and eðtÞ is a Gauss white noise signal. Discrete wavelet
transform nðtÞ will be carried out, and the results will
include two parts f ðtÞ and eðtÞ: the sum of wavelet coeffi-
cients and the wavelet coefficients. Because the wavelet coef-
ficients of the white Gaussian noise signal are lower than
those of the original signal, the original signal can be sepa-
rated from the noise signal by using the appropriate thresh-
old. The denoised signal can be obtained by reconstructing
the new signal with the wavelet coefficients. The process of
wavelet denoising is as follows:

(1) Wavelet decomposition process: select the type of
wavelet and decompose it

(2) Action threshold process: Segmentation of wavelet
coefficients according to threshold

(3) Wavelet reconstruction process: the signal is recon-
structed according to the low-frequency coefficients
of the wavelet

The basic idea of wavelet transform is to approximate a
signal with the system of wavelet functions. Basis function
can satisfy different resolution and can decompose any
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energy limited signal. It is very suitable for analyzing abrupt
signal and non-stationary signal. It is often used for noise
reduction, filtering, fundamental frequency extraction, and
so on.

2.1.1. Bispectral Analysis. If the 0 here refers to an empty cell,
the cell and text will be automatically skipped during calcu-
lation. Let fx ðnÞg be a zero-mean, third-order real station-
ary stochastic process, and its autocorrelation function and
power spectrum are, respectively:

rx mð Þ = C2,x mð Þ = E x nð Þx n +mð Þ½ �,

S ωð Þ = S2, x mð Þ = 〠
∞

m=−∞
rx mð Þ exp −jωm½ �:

ð4Þ

The third-order cumulants and bispectrum are:

C3,x m1,m2ð Þ = E x nð Þx n +m1ð Þx n +m2½ �½ �,

B ω1, ω2ð Þ = B3,x ω1, ω2ð Þ = 〠
∞

m1=−∞
〠
∞

m2=−∞
C3x m1,m2ð Þ,

exp −j ω1m1 + ω2m2ð Þ½ �:
ð5Þ

Bispectrum is the most-simple spectrum with the lowest
order, the least computational complexity, and the highest
computational efficiency. When the gear is in normal work-
ing condition, its characteristic signals show a certain order-
liness. Once the gear fault occurs, its signal characteristic
order is disrupted, and the energy distribution of the charac-
teristic signals will change greatly, which is especially evident
in the high-order spectrum amplitude-frequency diagram.
Bispectrum is highly sensitive to non-Gaussian, non-linear,
non-minimum phase, non-causal, Gaussian colored noise
or blind signals. The physical meaning of bispectrum is not
very clear. The bispectrum is equivalent to the skewness of
the signal in the frequency domain, so it can describe the
asymmetric and non-linear information of the signal. The
gear fault signal is denoised by wavelet threshold and bispec-

trum is generated, which can effectively eliminate Gauss
noise and non-Gauss noise. Gaussian noise is completely
determined by its time-varying average value and the covari-
ance function of the two instants, and it is the best simula-
tion of real noise.

2.1.2. Bispectrum Entropy. Information entropy, proposed by
Claude E. Shannon, describes the degree of information
uncertainty and introduces it into gear fault diagnosis. Com-
bining with different eigenvalue extraction methods, it can
reveal the change of vibration signal caused by fault. Accord-
ing to the definition of information entropy, the entropy of
normalized discrete sequence fPðmÞg is −∑PðmÞ ln PðmÞ.
For bispectrum estimation Bðω1, ω2Þ, the amplitude PBðω1,
ω2Þ is normalized to:

PB ω1, ω2ð Þ = P ω1,ω2ð Þj j
∑∑B ω1, ω2ð Þ : ð6Þ

For the above formula, ∑∑Bðω1, ω2Þ can be defined as
non-Gaussian Intensity (NGI) based on the magnitude of
bispectrum.

Bispectrum entropy is:

HBE = −〠〠PB ω1, ω2ð Þ ln PB ω1, ω2ð Þ: ð7Þ

For bispectrum estimation, bispectrum entropy is
described from the amplitude shape, reflecting the complex-
ity of the bispectrum shape; non-Gaussian intensity is
described from the magnitude, reflecting the strength of
non-Gaussian in the bispectrum domain (ω1, ω2).

2.1.3. Extended Bispectrum. In order to extract features from
compressed sampled signals, the definition of traditional bis-
pectrum is extended in this paper. If the phase ϕi is distrib-
uted in ð−π, π�, ϕ =∑M

i=1wiϕi uniformly and independently,
then
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Figure 1: Wavelet decomposition diagram.
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E ejϕ
Â Ã

= 0: ð8Þ

In formula, wi ∈N , i = 1, 2,⋯,M, and ∑wi ≠ 0.
Based on the above formula, a weighted-based extended

bispectrum is proposed, which is defined as follows:

EBx f1, f2ð Þ = E X f1ð Þw1X f2ð Þw2 X∗ w1 f1 +w2 f2
w3

� �� �w3
� �

:

ð9Þ

In the formula, fw1,w2,w3g is a weight factor and
satisfieswi ∈N ,∑wi ≠ 0, i = 1, 2, 3; obviously, traditional bis-
pectrum is a special case of extended bispectrum when the
weight factor is equal to 1. Extended bispectrum can also
suppress additive noise with uniform distribution of ð−π, π
� any instantaneous phase spectrum. When w1 =w2,w3 = 2,
another kind of bispectrum, intermediate frequency bispec-
tra (MFB), could be defined as:

MFBx f1, f2ð Þ = E X f1ð ÞX f2ð Þ X∗ f1 + f2
2

� �� �2( )
: ð10Þ

Based on the definition formula of extended bispectrum
(3-44), intermediate frequency biscoherence can be defined
as:

Mρx f1, f2ð Þ = E X f1ð ÞX f2ð Þ X∗ f1 + f2ð Þ/2ð Þ½ �2È É�� ��ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Px f1ð ÞPx f2ð ÞP2

x f1 + f2ð Þ/2ð Þ
q : ð11Þ

2.1.4. Extended Bispectral Analysis of Compressed Sampled
Signals. Set xðtÞ as the original signal of gear vibration, the
rotation frequency of gear shaft is f r , the number of gear
teeth is z, and mðtÞ is a mixing M-sequence with frequency
f p = zf r . Ignoring the measurement noise, the spectrum of
the signal xðtÞ can be expressed as:

X fð Þ = Axjϕx fð Þ: ð12Þ

It can be seen that the spectrum Yð f Þ of the signal yi½n�
after mixing compression sampling can be expressed as ∑l
cilXð f − lf pÞ, the Fourier coefficients cil vary with the fre-
quency, and can be expressed as:

cil = Am lf p
� �

ejϕm lf pð Þ: ð13Þ

According to the above formula and the properties of
Fourier transform, Yð f Þ can be expressed as:

Y fð Þ =〠Am lf p
� �

ejϕm lf pð ÞAx f − lf p
� �

ejϕm f−l f pð Þ

=〠Am lf p
� �

Ax lf p − f
� �

ej ϕm lf p
� �

− ϕx lf p − f
� �h i

:

ð14Þ

Any frequency component in the side frequency band of
gear meshing frequency and its harmonics can be expressed
as:

f k,m = kzf r +mf r = lf p +mf r: ð15Þ

In the formula, k = 1, 2,⋯,m = ±1, ±2,⋯. Frequency
components are moved from f k,m to mf r after M-sequence
mixing lf p, so it is necessary to analyze the quadratic phase
coupling relationship in f k,m.

It is difficult to calculate the probability distribution of
the instantaneous phase spectrum of M-sequence theoreti-
cally, and the analysis is carried out through the simulation
of Matlab. According to the experimental results, it is con-
cluded that the instantaneous phase spectrum of M-
sequence its instantaneous phase spectrum fφmðkf pÞ,∀kg is
always uniformly distributed in ð−π, π� when the number
of sequence values is enough ðw = 2n − 1 > 63Þ in one cycle.
Therefore, the traditional bispectrum method is not suitable
for the compressed sampling signal of gears and cannot
identify the phase coupling relationship in the signal.
Another type of bispectrum is needed to describe the qua-
dratic phase coupling characteristics of signals.

2.2. Wavelet Gray Moment. Wavelet coefficient matrix is
obtained by continuous wavelet transform, and moment
eigenvalue is calculated by coefficient matrix. Because tex-
ture feature extraction is global, its regional feature descrip-
tion has good feasibility and stability. If the gray matrix
corresponding to the gray-scale image with the size of
(m∗n) is [cij], the gray level co-occurrence matrix is a com-
prehensive texture analysis method under the premise that
the spatial distribution relationship between the pixels in
the image contains the image texture information. and the
size of (m∗n), the first kind of gray-scale moment of the
gray-scale image is defined as:

Gk =
1

m × n
〠
m

i=1
〠
n

j=1
cij
�� ��k × ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

i − 1ð Þ2 + j − 1ð Þ2
q

: ð16Þ

In the formula,
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ði − 1Þ2 + ðj − 1Þ2

q
is the distance

between the representation element cij (i, j≠1) and element
c11, and the geometric length between the pixel point (i, j)
and the reference point (1, 1) is also represented. The first
kind of gray moments has high time-frequency resolution
for vibration spectra. In fault feature extraction, the first
kind of gray moments is suitable for extracting the time-
frequency distribution characteristics of vibration spectra at
the same time, and the time distribution and frequency dis-
tribution have the same contribution rate to the gray
moments.

Reasonable segmentation of gray image, calculating the
first kind of gray moments of sub-images, and using the first
kind of gray moments of each region to form gray moments
vector can improve the resolution ability of gray moments.

The calculation steps of the first kind of gray moments
are as follows:

5Wireless Communications and Mobile Computing



The bispectrum gray-scale image is generated, and the
gray-scale image is expressed by matrix ½C�m×n;

The matrix is segmented along the longitudinal direc-
tion. If the number of segmentations is K and S =m/k, the
size of each subgraph is (s × n) matrix.

For the above K sub-images, the first kind of gray
moments Gli = ði = 1, 2,⋯, kÞ is calculated, respectively.
Then, the first-order gray moment vector G1 is generated,
that is, G1 = ½gi1, gi2,⋯, gik�.
2.3. Artificial Neural Network Method. Its procedure is based
on the analysis of something like the physical sinoatrial node
as well as being able to reason smartly to a great extent. As
per feature extraction and visual fragments, such methodol-
ogy can all be classified into two parts in computer vision
investigation. The development potential of this method is
enormous, such as fuzzy neural network, BP network, and
SOFM neural network. SOFM is Self-Organizing Feature
Map, i.e., Self-Organizing Feature Map Network.

Since the current weight startup approach has a slow web
research question, this research modifies the weight adminis-
tration strategy and applies it to the deep learning model.
The revised way is to use an assumption of normality to reset
the scales, with a presume of 0 and just a confidence interval of
reflecting the number of 1/ ffiffiffi

n
p

, neurons in the input layer. The
following is really the procedure for extrapolation:

There are, which designers see from either the expres-
sion,

D zð Þ =D 〠
n

j=1
wjxj + b

 !
: ð17Þ

Like continues, increase

D zð Þ = 〠
n

j=1
D wjxj
À Á

+D bð Þ: ð18Þ

In the following, these are generalized features about dif-
ference

D zð Þ = 〠
n

j=1
E wjxj − E wjxj

À ÁÂ Ã2n o
+D bð Þ: ð19Þ

What continues, remove but instead arrange.

D zð Þ = 〠
n

j=1
E wj

2À Á
E xj

2À Á
− 2 E wj

À Á
E xj
À ÁÂ Ã2n

+ E wj

À Á
E xj
À ÁÂ Ã2o +D bð Þ:

ð20Þ

Collate as

D zð Þ = 〠
n

j=1
E wj

2À Á
E xj

2À Á
− E wj

À Á
E xj
À ÁÂ Ã2n o

+D bð Þ: ð21Þ

Because the network assumes that the average value of
weight W and input value x is 0, the bias b obeys the stan-
dard normal distribution of mean value 0 and variance 1,
so EðwjÞ = 0, EðxjÞ = 0, Eðwj

2Þ =DðwjÞ, Eðxj2Þ =DðxjÞ,DðbÞ
= 1: So, by substituting formula (9), we can get it.

D zð Þ = nD wð ÞD xð Þ: ð22Þ

Unless the deviation of Z and even the degree of disper-
sion of data Z and input data X are to be identical, an aver-
age massW would match the original range of difference 1/n
, such that the activation of synapses in the buried layer does
not reach maximum.

2.4. Neural Network Training Process. So the recurrent site’s
activation characteristics are relatively huge (far greater than
the training data); it is critical to avoid during the cognitive
platform’s development. Connecter initiation method is
designed to every stratum during the testing phase so that
looping occurs on the original 512∗512 size image, and then
448∗448 size image is randomly clipped off as input samples.

The output of some neurons in the first and second full-
connection layers is set to 0 via loss procedure with only a
50percent. As a result nonprobability that is because the
filled to the brim plane collects the multilayer show’s factors.
The values of the pull refresh bulbs are determined after the
average error gradient of 64 samples is calculated each time
using the min-batch approach. Let the attenuation terms of
parameters and the potential energy of updating parameters
be 0.001 and 0.85, respectively. The following are modifica-
tions to the W variable:

vn+1 = 0:85vn − 0:001αA − α
∂L
∂W

Wnj
� �

Dn,

wn+1 =wn + vn+1:

ð23Þ

Once the characteristics are adjusted, n signifies the
number of iterations and V denotes the potential energy ele-
ment ð∂L/∂WjWnÞDn. This same approximate slope over all
labeled data here on nth maximal and where’s the brain
broadcaster’s parameter. It is fixed to 0.01 there in start
point. Only when classified percentage error on the experi-
mental batch no further drops or perhaps the steep decline
decelerates during instruction, a return to its initial size of
1/10. The quantity but after hundredth cycle is Wn + 1.

3. Experiments

3.1. Development Environment. Matlab performed this test
with Microsoft OS 98. That 32-bit version of Windows from
Microsoft is now the de facto standard for devices running.
Windows 98 is a cutting-edge software with a small non
architecture. It offers a user-friendly design, a lot of knowl-
edge, and a solid framework, and is expandable. This same
extensible framework offers the possibility of complex and
bright software products. Deliberate processing functionality
is also used in Xp to make government reply to greater tasks
including human input and extracting information. The
software has complete authority over processing in a reactive
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simultaneous approach, but it can also force halt one pro-
gram’s jurisdiction over the CPU and deliver it to a bigger
and more important client. Furthermore, anticipatory pro-
cessing capability allows a single CPU to run many threads
simultaneously time, dramatically increasing System
throughput. Since this study involves full video gathering
and analysis, the CPU is under a lot of stress, hence number
of co capability of operating system is required.

3.2. Development Tools. During coding, Microsoft Visual C+
+ 6.0 is used in this work. For its tremendous flexibility and
ease of use, VC6.O is among the most common software
applications. C++ is the programming language used. The
C++ computer language is an entity code editor. It is cur-
rently the most widely used software dialect. Window SAPI
and certain other SDKs can be readily used in the VC sys-
tem, and VC also includes a set of sophisticated modules,
especially MFC. The development of MFC made scripting
much easier. In particular, we employ Math, Microsoft
Vision for Operating system SDK, DirectDraw, Winsoek,
and other specialized programming tools. MFC stands for
Microsoft Basic Class Library, which is a class library pro-
vided by Microsoft, which contains a large number of Win-
dows handle encapsulation classes and encapsulation classes
of many Windows built-in controls and components.

Firefox is a programming language-based core toolkit.
Ruby, like most classic internet frameworks, uses the MVC
(Concept) architectural paradigm. However, when a web
address (Url) order is made, Hugo will use boolean logic to
reach the provided service functionality, then call the design
event showed the website series of business logic execution.
That is, the application structure properly falls into three
layers: database element, application sheet, and generator
layer. This solution is known as the MTV (Model-Tem-
plate-Views) platform by the Hugo structural engineer.
The view layer of the Software differs from that of the typical
MVC method. The former is just in charge of conveying
information and not of computation. In the Software, a
motif is used to represent information in a certain format.
Because when game’s user experience modifications, it needs
to copy template files.

4. Discussion

4.1. Comparisons with Traditional Methods of Reconstructing
Classes. Extended bispectrum analysis can extract features
directly from compressed signals, while traditional analysis
methods in compressed sensing framework need to recon-
struct signals before feature extraction. The process of signal
reconstruction needs a lot of matrix operations. It takes a
long time to reconstruct when the number of measurement
channels is large and the amount of data is large. Comparing
the time of extended bispectrum analysis with that of tradi-
tional methods which need reconstruction, the running time
is calculated from the compressed signal until the feature
extraction is completed. In the above section, 63 channels
synchronously sampled 8 seconds gear vibration simulation
signal as an example, each method runs 20 times to take the
average value, and the results are as follows:

The time domain analysis in Table 1 is the simplest RMS
statistical parameter, and the frequency domain analysis is also
a simple spectrum analysis. It can be seen that although the
traditional time domain and frequency domain analysis fea-
tures extraction time is short, the total time consumed by the
complex reconstruction process is nearly twice that of the
extended bispectrum analysis. Therefore, the extended bispec-
trum analysis method avoiding complex reconstruction pro-
cess can greatly improve the efficiency of state analysis and
fault diagnosis. Noise is unavoidable in real signals, so noise
suppression is also the key to feature extraction. The IF bispec-
trum at different noise intensities is shown in Figure 2.

It can be seen that the extended bispectrum has a strong
ability to suppress noise and can extract signal features cor-
rectly when SNR=0, which is consistent with theoretical
analysis. Noise also affects the reconstruction process. Dif-
ferent intensities of noise are added to the simulation signal.
The corresponding reconstruction probability and recon-
struction error are as follows: Table 2:

From a transmission with either a weak transmission
level, the reconstruction method has the problems of low
reconstruction probability and large reconstruction error,
so the extended bispectrum method which can suppress
noise is more suitable than the reconstruction method for
processing gear vibration signals with various background
noises.

The bispectrum estimates of three-dimensional maps at
the beginning and the end of the experiment show that the
shape and amplitude of the two maps have changed signifi-
cantly. The bispectrum entropy and non-Gaussian intensity
are calculated as fault diagnosis eigenvalues. The axial vibra-
tion signal of the driving gear of the gear system is selected,
and the calculation sample is taken every 40 minutes to
obtain any early problem binary string of dynamic response.

The variation trends of the bispectral entropy of the
vibration signal with the test time and the non-Gaussian
intensity (NGI) and RMS of the vibration signal with the test
time, as shown in Figure 3.With the accumulation of test time,
the gear meshing state becomes worse, and the energy of
vibration signal will be concentrated in k∗ f . For bispectrum,
it is reflected in the prominence of the nearby ðm∗ f , n∗ f Þ
amplitude, the energy distribution will become more definite,
the corresponding entropy will decrease, and the non-
Gaussian intensity will increase. According to the trend of bis-
pectrum entropy with test time in Figure 3, before 6 hours of
test, the bispectrum entropy is larger. This stage is gear
running-in stage, which is caused by the relative dispersion
of energy distribution of vibration signals in running-in stage.

The trend of NGI with test time in Figure 4(a) is ana-
lyzed. After 14.5 hours of test, NGI increases significantly,

Table 1: Comparisons of runtime for different methods.

Feature extraction method
Running time (s)

Restructure Feature extraction

Extended bispectral analysis 0 1.022

Time domain analysis 1.893 0.009

Frequency domain analysis 1.901 0.017

7Wireless Communications and Mobile Computing



X: 15
Y: 5
Z: 0.02476

X: 20
Y: 10
Z: 0.004951

X: 25
Y: 5
Z: 0.006877

F/Hz F/Hz
10

0

10

0

30

20

30
0

0.02

0.01

0.03

A
m

pl
itu

de

(a) SNR =80

X: 15
Y: 5
Z: 0.02363

X: 20
Y: 10
Z: 0.005239

X: 25
Y: 5
Z: 0.006902

F/Hz
F/Hz

10

00

10

20 20

3030
0

0.01

0.02

0.03

A
m

pl
itu

de

(b) SNR =40

Figure 2: Continued.
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which can be used to diagnose the fault of gear system.
Therefore, NGI can be used as an effective eigenvalue for
fault diagnosis of gear system. Compared with bispectrum
entropy, the curve of NGI changes more smoothly, and the
effect of early fault diagnosis is relatively lagged. The varia-
tion trend of NGI and RMS with test time in Figure 4(b)
was compared and analyzed. The RMS value increased sig-
nificantly and the lag was obvious only after about 17 hours
of test. Therefore, the RMS value is too lagged as the fault
diagnosis eigenvalue, which is invalid for the early fault diag-
nosis of gear system.

4.2. Examples of Fault Diagnosis. The ICP accelerometer is
placed near the ball screw of the vibration source in the
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Figure 2: Intermediate frequency bispectrum with different noise intensity.

Table 2: Reconstruction probability and error under different
noises.

Signal-to-noise ratio
SNR (dB)

Reconstruction
probability

Reconstruction
error e

90 99.7% 0.0017%

70 99.0% 0.012%

50 97.6% 0.30%

30 80.4% 6.29%

10 51.2% 20.01%
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reducer. The sampling frequency of the acquisition card is
2731Hz and the acquisition time is 8 s. The vibration signals
of the ball screw are continuously measured by the vibration
monitoring and analysis system, and the vibration signals of
the tractor reducer under normal and fault conditions are
collected, respectively. Compared with the normal state,
the spectrum of fault vibration signal is more disordered.
When the tractor reducer worm wheel fails, because of the
rotation of ball screw, the time domain diagram shows obvi-
ous impact characteristics, showing periodic characteristics.

The fault vibration signal is a modulation signal whose
carrier is the natural frequency of the system itself and
whose modulation frequency seems to be the primary vibra-
tion and the fault characteristic frequency of the ball screw.
In order to clarify the coupling properties of each frequency
component and to extract fault characteristic frequencies,
the normal state and fault state signals are decomposed by
improved ITD. Under the new iteration termination crite-
rion, thirteen PR segments or each history factor is dissected
as from issue rotating machinery.

In order to further understand the quadratic non-linear
phase coupling properties of the half-frequency components
causing unstable vibration, slice bispectrum analysis of PR1
components in normal and fault states was carried out. Slice
bispectrum can effectively suppress the low-pass random
components in the signal and show the phase coupling
information of the first several harmonic components more
clearly. The crystalline structure correlation would not
include 25Hz. The frequency component is obvious, even
exceeding the fundamental frequency. It can be determined
that 25Hz is the coupling component caused by the change
of the unit state of the ball screw itself. There are obvious
amplitudes at 50Hz fundamental frequency, 100Hz double
frequency, 150Hz triple frequency, and 200Hz quadruple
frequency. It is shown that these frequencies are strongly
non-linear and have quadratic phase coupling. It is also
proved that the failure of ball screw has no significant effect
on the coupling properties at the fundamental frequency and
frequency doubling.

5. Conclusions

Ball screw is one of the key factors that directly affect the pro-
cessing performance of CNC machine tools. However, the
assembly quality of ball screw relies mainly here on assem-
bler’s common sense, and there are few inspection means after
assembly, so it still stay at the stage of manual inspection
through the micrometer. This leads to the shortcomings of
low detection accuracy, time-consuming, and laborious and
affected by the level of staff operation. In this paper, the prob-
lems of assembly quality detection in ball screw maintenance
process are studied, including mechanical model of screw,
mechanism of assembly quality influence, selection of detec-
tion signal, construction of experimental platform, signal anal-
ysis and feature extraction, and assembly quality evaluation.
The related work is summarized as follows:

(1) The assembly process of ball screw is analyzed, and
several key factors affecting the assembly quality of

ball screw are determined. The influence mechanism
of assembly quality is analyzed by applying Hertz
contact theory and mechanical vibration theory
combined with mechanical model of ball screw.
Finally, the research ideas of assembly quality
inspection in the process of ball screw maintenance
are determined

(2) According to the influence mechanism of ball screw
assembly quality and the actual situation of indus-
trial field, the detection method of ball screw assem-
bly quality is established, and the principle of signal
detection method is analyzed. Combining with the
existing machine tools and testing equipment, an
experimental platform for assembling quality detec-
tion in the maintenance process of ball screw is built
to obtain the current and vibration signals under dif-
ferent assembling conditions

(3) Based on current signal, vibration signal, and posi-
tion and velocity signal, the changing trend of char-
acteristic values such as time domain, frequency
domain, and modal parameters in different assembly
quality is analyzed. Variance of current signal, warp-
ing factor, kurtosis of vibration signal, and low-
frequency spectrum are established as the character-
istic quantities to characterize the assembly quality
of ball screw

(4) The assembly quality of ball screw is evaluated by
using various feature fusion identification methods,
and a feature set is formed which can comprehen-
sively evaluate the assembly quality of ball screw.
The evaluation index of ball screw assembly quality
is validated. The results show that the selected char-
acteristic parameters can be used to detect the
assembly quality of ball screw
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