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Abstract

Escalator is an essential large-scale public transportation equipment. Once the failure occurs, it will inevitably
affect the operation and even cause safety accidents. As an important part of the structure of escalator, the
loosening of the anchor bolt will lead to abnormal operation of escalator. Aiming at the current difficulty in
extracting the fault features of anchor bolt loosening, a fault feature extraction method of escalator anchor
loosening is constructed based on empirical wavelet transform (EWT) and bispectrum analysis. First, perform
EWT decomposition of the original footing vibration acceleration signal to obtain a series of empirical mode
functions (EMFs). Then, for each empirical mode function, the bispectrum was calculated by using bispectrum
analysis method, and six texture features of the bispectrum were extracted as fault feature vectors by means of
gray-gradient co-occurrence matrix. Finally, the extracted multi-scale fault feature vectors and bi-directional
long short-term memory (BI-LSTM) were used to classify and identify the four types of fault signals with different
degrees of foot loosening, and the fault types of foot loosening were determined. The results show that the feature
extraction method based on empirical wavelet decomposition and bispectrum analysis can more effectively identify
the loosening level of anchor bolts.
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l. Introduction

Escalators have become an important transportation tool in modern city life. Escalators are commonly used in large
shopping malls, railway stations and subway stations and other large buildings, transporting a large number of
people and equipment every day. And the safety of escalators is closely related to the safety of the public. Once an
escalator malfunction occurs, it may affect the operation in light cases or cause serious accidents, which can cause
great damage to people's life and economy [1, 2]. Due to frequent overtime and overload operation, the loosening
of the anchor bolts of the escalator's mainframe footing occurs from time to time. As the key part of the escalator,
the loosening of the fixing bolts of the mainframe feet will lead to periodic shocks during the operation of the
escalator, which will cause the vibration of the escalator coupling system to intensify and affect the stability of the
escalator operation, and will endanger the operation safety of the escalator in serious cases [3]. Therefore,
condition monitoring and fault diagnosis of escalator bracket fixing bolts is essential.

The machine feet vibration signal of escalator is usually nonlinear and non-stationary [4, 5] .In view of the
nonlinear and non-stationary nature of mechanical fault signals and the characteristics of weak early fault
characteristics and susceptibility to noise interference, numerous vibration signal fault diagnosis methods are
proposed, such as short-time Fourier transform (STFT), wavelet transform (WT), empirical mode decomposition
(EMD), variational mode decomposition (VMD), etc. However, the window function of STFT cannot be
adaptively adjusted according to the frequency of the signal itself, which affects the accuracy of fault diagnosis [6,
7]. Selection of wavelet basis functions and decomposition layers of WT lacks adaptivity [8, 9]. Empirical mode
decomposition (EMD) [10] has made a significant breakthrough in vibration signal fault information extraction,
but EMD suffers from serious mode aliasing phenomena and endpoint effects, and lacks the necessary theoretical
foundation [11,12]. In order to improve the shortcomings of EMD methods, many improved EMD algorithms have
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been proposed, such as local mean decomposition (LMD) [13], local characteristic-scale decomposition (LCD)
[14], ensemble EMD (EEMD) [15], etc. However, these methods do not completely solve the drawbacks of EMD
either. Variational mode decomposition (VMD) [16] overcomes the deficiencies of EMD and LMD. The signal
decomposition is transformed into a variational problem to determine the center frequency and bandwidth of the
component signals by seeking the optimal solution of the variational problem, so as to achieve the effective
separation of the component signals. VMD has a sound theoretical basis and can better suppress modal aliasing.
However, the combination of parameters and the number of decompositions of the penalty factor need to be
determined before decomposition, because different combinations of parameters and the number of decompositions
can affect the decomposition accuracy of the signal, which poses great difficulties to the accurate decomposition of
the signal [17, 18]

In recent years, Gilles [19] proposed the empirical wavelet transform (EWT) to perform adaptive decomposition of
non-stationary signals. The main idea is to extract each mode component of the signal by constructing a series of
suitable band-pass filter banks. When compared to EMD and VMD methods, EWT has a reliable mathematical
theoretical basis and avoids modal aliasing and endpoint effects. Because EWT does not use iterative
decomposition, it has less calculation and faster decomposition speed. Due to the above features, EWT has been
widely used in the identification of fault information of rolling bearings [20, 21], fan bearings and fans [22]. For
better fault identification for loosening of anchor bolt of escalator, this paper introduces EWT into the processing
of vibration acceleration signals of escalator footing and uses EWT to perform mode decomposition of machine
feet vibration signal. After decomposing the machine feet vibration signal into a group empirical mode function
(EMF) by EWT, how to accurately extract the fault features from each mode component is another key issue in the
identification of bolt loosening fault. The EMFs decomposed by EWT contain rich feature information, and
different features represent different physical meanings. Choosing a suitable feature extraction method can
significantly improve the recognition accuracy. Bispectrum analysis is a very effective algorithm, which contains
all the phase information of the processed signal and can completely suppress the effect of Gaussian noise [23].Liu
et al [24] applied it to the detection of microcracks under mixed frequency excitation. Wang et al [25] used
Fractional bispectrum analysis to identify Fault Characteristic. And the results showed that for small cracks
bispectrum analysis can effectively extract the fault features. Xu et al. [26] applied bispectrum analysis method to
identify and analyze the signals of bearing. The experimental results verify the effectiveness of the bispectrum
algorithm in microcrack feature extraction.

Based on EWT and bispectrum analysis, we proposed an fault identification method for loosening of anchor bolt of
escalator, and used the proposed method to identify the degree of looseness. First, a set of empirical mode function
(EMF) is obtained by multi-scale analysis of the machine feet vibration signal using empirical wavelet transform.
Then, for each EMF, its bispectrum diagram and grey-gradient co-generation matrix are calculated using
bispectrum analysis. And six fault features such as small-gradient dominance and grey-gradient average are
extracted through the grey-gradient co-generation matrix. Finally, the fault eigenvalues of all mode components are
combined into 18 dimensional fault eigenvectors, and Bidirectional long short-term memory (Bi-LSTM) is used to
identify the loosening states of anchor bolt of escalator. The experimental analysis using the measured machine
feet vibration signal shows that the proposed method can effectively identify the footing bolt loosening fault and
determine the degree of bolt loosening.

I1. Theories of EWT and Bi-LSTM
2.1 EWT

Empirical wavelet transform (EWT) is constructed on basis of wavelet theory. EWT consists of two important
steps: first, adaptive partitioning of the signal spectrum; then, the signal is decomposed using an orthogonal
wavelet filter bank to obtain a modal component signal with tight support characteristics. Assum that the spectrum

range of vibration signal after Fourier transform is[0, 7z]. Dividing the whole spectrum into N segments, each

ISSN: 0010-8189
© CONVERTER 2020 682
www.converter-magazine.info



CONVERTER MAGAZINE
Volume 2021, No. 4

segment of spectrum is denoted as A, =[®, ;,@,] N=12,---,N . @, and @, are the left and right
boundaries of spectrum division respectively. Then the whole spectrum of signal can be represented as
N A, =[0,7]. EWT is a band-pass filter defined on each spectrum A . According to theory of the wavelet,

n=1""n

the scaling function ¢(X) and wavelet function /(X) of EWT are defined in frequency domain as follows [):

1
if | w]< (1- o,

o) = cos[%/{%q o] —(1—z)wn)ﬂ it A-2o, okt Da,  ©

@n . otherwise
1
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where, /3, =y*(35-84y+70x* —20y°), 0<A<land A< min(—a)n+1 — % j
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The decomposition of EWT is similar to that of classical wavelets. The decomposed detail and approximation
coefficients are

W, (n,%) =< 9(x),, (x) >= [ (D), (z = ¥)d7 = F [ (@), ()] ©
W, (0,%) =< 9(0), 4(x) >= [ (D) (7~ )7 = F [§ ()4 ()] @

Where F(-) denotes the inverse Fourier transform, and ¢ () and . (@) are obtained by equations (1) and

).

In the empirical wavelet transform, the reconstructing formula is

900 =W, (0.4 () + D W, (1,0, () = F M, 0,00k (@) + YW (.l (@] 0

According to formulas (3) and (4), the empirical mode function (EMF) formula after EWT decomposition can be
calculated by the following formulas

go(x) :ng (0, X)¢1(t)
gn(x) :ng(n’ X)l//n (X) n =1| 2""1 N

A series of empirical mode functions (EMFs) can be obtained by machine feet vibration signal using EWT.
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Bispectrum analysis is performed for each EMF to extract the fault eigenvectors for each mode.
2.2 Bi-LSTM
2.2.1LSTM

Long short-term memory (LSTM) is an improved model based on recurrent neural network (RNN). The structure
of LSTM is given in Fig. 1, which contains four main gate structures: input gate i , forget gate f , control gate C

and output gate O.
~
|

Ces t/ - G,
tanh
; 0'0 X
It C[ ot
Py tanh| | o | h,
t q

Fig 1: LSTM network structure diagram

The input gate i determines which new information will be stored in the new cell state, and the moment t input
gate calculation is defined as

i, =o(WTh_, x]+b) (6)

The forget gate f determines which information should be ignored from prior memory, and the moment t
forgetting gate is calculated as defined as

fo =W Ih 4, x]+Db;) @

The control gate update the control unit status from C,_, to C, according to Eq. (6) and (7),
G =tanh(W,[Th ;,x]+b;) ®
c, =foc  +i°C 9)
The output gate O generats output and updates hidden vector hH. The control process of output gate is defined as:
0 =oW, [, x]+b,) (10)
h =0, otanh(c,) (11)
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In Eq. (6)-(11): ht is the final output of the network; Ct is the current input cell state; C, is the cell state at the

current moment; W,, W, , W, and W, are the weight matrices of the four gated states respectively; b.,b, , b,

and b, are the bias of each gated state respectively; o(-) and tanh(-) are the transfer functions; LI represents the

vector inner product and the symbol © denotes multiplication by elements.

2.2.2 Bi-LSTM
Bidirectional recurrent neural networks (BRNN) form a bidirectional network structure by adding a

backpropagation layer to a recurrent neural network in order to use contextual information simultaneously. In the
bidirectional network structure, the RNN units are replaced by LSTM units to form a bidirectional LSTM(Bi-
LSTM).The structure of Bi-LSTM network is given in Fig.2, in which two independent LSTM networks are
included to propagate information forward and backward respectively. Bi-LSTM network has the advantages of
both RNN network and LSTM network. Bi-LSTM overcomes the decline problem of RNN network. Through
parallel forward propagation network and backward propagation network, it can effectively estimate the impact of
forward and backward events on current events.

Forward
states

Backward .
states

Fig 2: Bi-LSTM network structure diagram

I11. Multi scale fault feature extraction based on bispectrum analysis
3.1 Bispectrum analysis theory

Bispectrum can effectively suppress Gaussian noise with high resolution, and can obtain the signal amplitude,
phase, energy and other related information. Bispectrum analysis is simple to calculate, but still contains all the
feature information of the higher-order spectrum. Therefore, in this paper, bispectrum analysis is used to extract
information about the fault characteristics in the machine feet vibration signal. The steps of bispectrum calculation
by direct method are as follows [23, 24]:

@) The vibration signal to be analyzed is divided into K segments, each segment containing M samples.
So the signal after segmentation is

x© () ={x"“ ), x“@), -, xX(M -1} k=1,2,---,K (12)
(b) For the K th segment of data X*)(n) , calculate its discrete Fourier transform.
M-1
X9(1) =23 xOmyexp(- ] %) A=0,1-M/2; k=12 K (13
M = M
(c) Calculate the third-order autocorrelation coefficients of DFT.
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(k) =5 3 2 XP i) X O +i) X O (4= 2 iy —h) 9

0 h=-L ip=-Ly

Where A, = /Ny, M =(2L, +1)N, . And f, denotes the sampling frequency.

(d) Calculate the bispectrum estimation of vibration signal
1 2r f 2r f
B(a)l,a)z):—Zbk(a)l,a)z) , where @, = A, @, = =2,
K N, N,

It can be seen from the definition that bispectrum is a complex spectrum with two frequency variables @, and @, .
Bispectrum has 12 symmetrical regions in the frequency plane composed of @, and @, . Only the bispectrum

values in the main region need to be calculated, and then all bispectrum values in the (@, ,®,) plane can be
calculated according to its symmetry.

3.2 Bispectrum analysis of EWT for machine feet vibration signal

For the complexity of the environment, the actual vibration signal collected from the footings of the escalator
usually contains interfering noise. Bispectrum analysis can only effectively suppress Gaussian noise, but is
powerless against non-Gaussian noise. Therefore, EWT is used to remove the effect of non-Gaussian noise from
the signal before performing bispectrum analysis. After decomposition of the machine feet vibration signal using
EWT, a series of EMFs are obtained. Because of the high noise frequency, the noise containing signal is often
concentrated in the highest frequency modal component EMF1 after EWT decomposition®?! while the fault
feature information is contained in the remaining low frequency modal components. So this paper discards the first
layer of empirical mode function EMF1 and only performs bispectrum analysis on the remaining mode functions to
extract the fault feature information hidden in the mode components.

The sampling frequency of vibration signal of the escalator base foot is 2000Hz. The signals of normal, loosening 1
lap, loosening 2 laps and loosening 3 laps of fixed bolts are collected respectively, and some of the collected
signals are intercepted as shown in Fig. 3. EWT decomposition was carried out for each of the four signals. And
the number of frequency band intervals for EWT decomposition was taken as 4. The decomposed EMFs of the
machine feet vibration signal with loosening 1 lap are shown in Fig. 4 (the EMFs of vibration signal of other cases
are similar to this. Due to the limitation of space, they are not shown one by one).
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(d) Vibration signal when loosening four circle
Fig 3: The original machine feet vibration signal
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Fig 4: results of EWT decomposition (Loose two laps) (a) EMF1 (b) EMF2 (c) EMF3 (d) EMF4

The bispectrum analysis of mode function 2 (EMF2), mode function 3 (EMF3) and mode function 4 (EMF4) of
four kinds of signals are carried out respectively. Fig. 5 is the two-dimensional contour plot of bispectrum analysis
of machine feet vibration signal when the fixed bolt is normal. Fig. 6, Fig. 7 and Fig. 8 are the two-dimensional
contour plot of bispectrum analysis of footing vibration signal when the fixed bolt is loosening for 1, 2 and 3 laps
respectively.
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From Fig. 5 to Fig. 8, this paper know that the two-dimensional spectrum of the escalator footing bolt when it is
normal is obviously different from that when it is loosening. When the bolt is normal, the frequency converges to
the center. While when the bolt is loose, the frequency expands outward gradually, and the frequency peak value
also increases gradually. At the same time, the amplitude of bispectrum is different in different degrees of
loosening.

3.3 Fault feature extraction based on gray-gradient co-occurrence matrix

From the two-dimensional contour plot of the bispectrum analysis of the machine feet vibration signal of escalator,
it can be seen that there is a significant difference between the bispectrum information when the fixed bolt is
normal and when the fixed bolt is loose. In order to automatically identify whether the bolt is loose and the degree
of loosening, the feature information contained in the bispectrum coefficients needs to be extracted. The two-
dimensional contour plot of bispectrum analysis contains the basic feature information of the vibration signal,
while its gradient plot depicts the edge and abrupt change information of the contour map. If both the two-
dimensional contour plot and its gradient plot are combined for feature extraction, more accurate fault
characteristics can be obtained. Based on the fact that the grey-gradient co-occurrence matrix (GGCM) can
describe both the gray information and the gradient information in the image, this paper constructs a grey-gradient
co-occurrence matrix for the two-dimensional contour plot of the bispectrum analysis of vibration signals. The
GGCM is used to extract the characteristic parameters of the bispectrum analysis contour map as the fault
characteristics when the bolt is loose.

3.3.1 Normalization of gray matrix and gradient matrix
After gray processing of bispectrum analysis two-dimensional contour plot, gray matrix f(m,n) is obtained.

Because the pixel values of gray matrix are between [0, 255], there is no need for normalization. In this paper,
only the gradient matrix of two-dimensional contour plot is normalized. Let g(m, n) be the pixel value of point

(m, n) in the gradient matrix.

g(m,n) = \/gf(m,n)+ g;(m,n) (14)
where,
g,(mn)=f(m+Ln-1)+2f(m+Ln)+H (m+Ln+1) - f(m-Ln-1)-2f(m-Ln)- f(m-1n+1)
g,(mn)=f(Mm-Ln+)+2f(mn+)+f(m+Ln+)-f(m-L,n+1)-2f(mn-1)— f(m+Ln-1)
m=12,---,M, n=12,---,N, M,N represent the number of rows and columns of the gray matrix.
Let J,. be the maximum value in the gradient image and Lg be the expected maximum gradient value after

normalization. Then the normalized gradient matrix is

G(m,n) = INT[g(m,n)-L, /9,n]+1

In this paper, Lg =64 . After normalization, two normalization matrices are obtained: gray normalization matrix

F(m,n) = f(m,n) and gradient normalization matrix G(m, n).

3.3.2 Generation of gray-gradient co-occurrence matrix
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The gray-gradient co-occurrence matrix based on bispectrum analysis is C = (X, y) . Then its element C(X, Y) is

defined as the total number of pairs of image points with pixel values X in the normalized grey matrix F(m,n)
and pixel values Y in the normalized gradient matrixG(m, n). That is, C(X, Y) is equal to the number of pairs of
image points that make x = F(m,n) and y=G(m,n). In order to facilitate texture feature extraction of the

GGCM, it is necessary to normalise it. Let the element value of the normalised GGCM be €(X, Y) , then we have

. c(x,
¢(x,y) 225562—)/)

2.2 c(x.y)

x=0 y=0

3.3.3 Texture feature extraction with gray-gradient co-occurrence matrix
More feature information can be extracted from the GGCM of bispectrum analysis [25]. But if too many feature

parameters are selected, this can lead to excessive computational effort and affect the accuracy of fault
identification. Therefore, in this paper, six of these feature values are selected as the fault feature vectors for bolt
loosening, the equations for each feature are as follows

255 8 6(x,y) [&8&
(1) Small-gradient dominance: T, =ZZ’2/ZZC(X, y)

x=0 y=0 x=0 y=0
255 255 63
(2) Inhomogeneity of the grey distribution: T, Z[ZC(X VI ZZC(X y)
x=0 y=0 x=0 y=0
225 255 63
(3) Inhomogeneity of the gradient distribution: T, Z[ZC(X Ik ZZC(X y)
y=0 x=0 x=0 y=0
255 5
(4) Greyentropy: T, {Z[ZC(X y)l Iog[ZC(x VI
x=0 y=0
255
(5) Gradient entropy: 1, —{Z[ZC(X I |og[ZC(X I}
y=0 x=0
255 63
(6) Mixed entropy: T => > (X, y)log[¢(x, y)]
x=0 y=0

Randomly select the normal state, loosening 1 lap, loosening 2 laps and loosening 3 laps data, and calculate the
normalized values of EMF2, EMF3 and EMF4 texture features after EWT decomposition. The results are shown in
Table 1.

Table 1 Normalized values of the 6 texture features of EMFs

Texture features T T, T, T, Ts Te
EMF, | 0.9300 | 0.5323 | 0.5475 | 0.5877 | 0.6980 | 0.8543
Normal state | EMF; | 0.8131 | 0.4646 | 0.7053 | 0.5132 | 0.6135 | 0.8037
EMF, | 0.9544 | 0.6359 | 0.5411 | 0.4140 | 0.5492 | 0.6752
EMF, | 0.8342 | 0.6451 | 0.6937 | 0.7673 | 0.7835 | 0.9084
EMF; | 0.9290 | 0.6900 | 0.9012 | 0.6945 | 0.7202 | 0.8586
EMF, | 0.8431 | 0.7770 | 0.6888 | 0.5236 | 0.6049 | 0.7110
Loosing EMF, | 0.7490 | 0.4819 | 0.7825 | 0.8571 | 0.8846 | 0.9513
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2 circle EMF; | 0.9411 | 0.6189 | 0.9459 | 0.7716 | 0.8318 | 0.8853
EMF, | 0.7919 | 0.7212 | 0.7333 | 0.7143 | 0.7392 | 0.7728
EMF, | 0.6391 | 0.7210 | 0.8546 | 0.9091 | 0.9160 | 0.9736
EMF; | 0.7510 | 0.7323 | 0.9826 | 0.8553 | 0.8826 | 0.9012
EMF, | 0.6964 | 0.8730 | 0.8768 | 0.7791 | 0.7956 | 0.7922

Loosing
3circles

IV. Bolt loosening fault diagnosis model based on EWT and Bispectrum

In this paper, bidirectional LSTM is used to do fault identification for loosening of anchor bolt of escalator. Based
on EWT bispectrum analysis and Bi-LSTM, the process of anchor bolt loosening fault diagnosis is shown in Fig. 9.
The specific steps of bolt loosening fault identification are as follows:

a) EWT was used to decompose each training sample into four levels. And the last three order empirical mode
function (EMF) was retained;

b) EWT was used to decompose each training sample into four levels. And the last three order empirical mode
function (EMF) was retained,;

c) Bispectrum analysis is performed on the last three order EMFs (EMF,, EMF,, EMF,) of each training

sample. The gray matrix and gradient matrix are constructed by the two-dimensional contour plot of bispectrum
analysis. Then the GGCM is constructed;

d) Six texture features are extracted from the GGCM of EMF, (k =2,3,4) to form the 18 dimensional fault

feature vector of training samples.

e) The Bi-LSTM network is trained with 160 sets of training data. And anchor bolt loosening fault diagnosis model
is established.

Gray matrix
EWT Bispectral Contour /“ normalization
Original signal - i > i >
= Decomoosition analysis grayscale \ Gradient
matrix
Loose fault Training Texture feature Gray-gradient
£ " lt

identificaticn Bi-L5TM vector CO-DCCUITENCE matrix

Fig 9: Process diagram of bolt loosening fault diagnosis

V. Analysis of experimental results
5.1 Collection of experimental data

This paper conducts simulation experiments on a Schindler S9700-30 escalator model with a vibration sensor
sampling frequency of 2000Hz and an acquisition time of 8s. The vibration sensor is installed on the anchor bolt
position of the escalator through the thread. By adjusting the loosening degree of the anchor bolt, a total of 400 sets
of experimental data were collected, including 100 groups of data when the anchor bolt was normal, 100 sets of
data when the fixed bolt was loosening 1 lap, 100 sets of data when the fixed bolt was loosening 3 laps, and 100
groups of data when the fixed bolt was loosening 3 laps. According to the escalator product characteristics, the
frequency range of the anchor bolt vibration is determined to be between 1~5khz. So a low-pass filter is used to
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filter the high frequency part to avoid the interference signal being introduced into the next level. The filter circuit
design uses an active filter circuit to filter out the spurious signal and then amplify the signal at the same time.
During the collection process, a marker line is first drawn on the mainframe anchor bolt to record the initial
position of the mainframe anchor bolt and to avoid excessive or inappropriate loosening of the mainframe anchor
bolt. After drawing the marker line, the mainframe foot screw is loosening by 1, 2 and 3 laps respectively against
the marker line and confirmed by measurement that the mainframe anchor bolt is loosened in place.

5.2 Identification results based on EWT-bispectrum analysis fault feature extraction

EWT decomposition was carried out on the experimentally collected vibration data of the anchor bolt under normal
and loosening conditions. EMF2, EMF3 and EMF4 were subjected to bispectrum analysis. And 6 texture features
were extracted for each layer of EMF using a grey-gradient co-generation matrix to form an 18-dimensional fault
feature vector, which is input into a Bi-LSTM network to identify the degree of loosening of the anchor bolt. The
corresponding outputs are: "0" for a normal bolt, "1" for loosening 1 lap, "2" for loosening 2 laps and "3" for
loosening 3 laps.In Bi-LSTM, the number of neurons in the input layer, output layer and hidden layer are 30,1 and
20 respectively. The internal parameters of the LSTM were trained using Adam's algorithm with a learning rate of
0.001, a training number of 1 000, and a training target of 0.0001. The parameters of the reverse layer network
were the same as those of the forward layer.

The experimental results of the proposed method are compared with Bispectrum, EMD and bispectrum (EMD-
Bispec) and ensemble EMD and bispectrum(EEMD-Bispec) for comparative analysis,. In the EMD-Bispec method,
the first layer of IMF after EMD decomposition is discarded. And the IMF2-IMF4 are selected as the object of
study. Bispectrum analysis and feature extraction are performed for each layer of IMF. And then the feature vectors
are fed to the Bi-LSTM network for identification. In the EEMD-Bispec method, Gaussian white noise is added
with an intensity of 0.5 and a humber of 200 additions. The 2-4 layer IMFs after EEMD decomposition are taken as
the object of study. The bispectrum analysis feature vectors of each layer IMF are calculated. And then the
combination of each layer feature vector is inputted into the Bi-LSTM network for identification. A comparison of
the correct identification rates of the test samples for the four methods is shown in Fig. 10, and the correct
diagnostic results are shown in Table 2.

Table 2 Accuracy rate of fault identification for loosening of anchor bolt of escalator

Bi-Spectrum EMD-Spectrum EEMD-Spectrum EWT-Spectrum
identified/ Accuracy identified/ Accuracy identified/ Accuracy identified/ Accuracy
State
samples 1% samples 1% samples 1% samples 1%

SNt;’t;ma' 34/40 85.0 36/40 90.0 38/40 95.0 40140 100
'l‘(é?rsc'lneg 27140 675 33/40 825 35/40 875 37/40 925
Loosing 29/40 72.5 34/40 85.0 37/40 925 38/40 95.0
2 circle
'gz?rsél"eg 32/40 80.0 34140 85.0 34/40 85.0 38/40 95.0
whole 122/160 76.25 137/160 85.62 144/160 90.0 152/160 95.63
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Fig 10: Diagnosis results of fixing bolt loosening degree (a) Bispectrum (b) EMD-Bispec (¢) EEMD-Bispec (d)
EWT-Bispec

From Fig. 10 and Table 2, this paper know that the bispectrum analysis method has the lowest recognition accuracy,
with an overall recognition rate of only 76.25%. This is because the bispectrum analysis method does not carry out
multi-scale decomposition of the original vibration signal and extracts the fault features directly. But the
components of different modes in the signal are mixed together. At the same time, the interference of non gaussian
noise also has a certain impact on the feature extraction. The recognition accuracy of the EMD-Bispec method is
significantly higher than that of the bispectrum analysis method, with an overall recognition rate of 85.62%. This is
because the EMD suppresses non-Gaussian noise to a certain extent and separates the mode components of the
original vibration signal. Thus it allows more accurate extraction of fault features. Compared with EMD-Bispec
method, the overall recognition rate of EEMD-Bispec method is improved to 90%, mainly because EEMD
improves the mode aliasing of EMD t. Compared with EEMD-Bispec method, the recognition accuracy of the
proposed EWT-Bispec method proposed is improved. Because EEMD still has serious endpoint effect and a certain
degree of mode aliasing, which affects the separation of different scale feature information. And the separated
mode components still contain different scale vibration information. EWT uses band-pass filter banks to extract the
mode aliasing, and avoids the modal aliasing and endpoint effect, which can separate the fault information of
different scales as much as possible. Therefore, EWT decomposition can extract more accurate features of bolt
loosening fault diagnosis through bispectrum analysis.

Overall, the method in this paper has improved the overall accuracy by about 21.38% compared to the Bispectrum
method, about 10.01% compared to the EMD-Bispec method, and about 6.53% compared to the EEMD-Bispec
method.

V1. Conclusion

We proposed a new method based on empirical wavelet decomposition and bispectrum (EWT-Bispectrum) for
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identificating the loosening degree of anchor bolt of escalator. The multi-scale decomposition of the machine feet
vibration signal is carried out by using EWT. Then the fault features are extracted from the empirical mode
functions (EMFs) of different scales by using the gray-gradient co-generation matrix after Bispectrum analysis.
Establish a fault diagnosis model by using of Bi-LSTM. And then the feet vibration signal is diagnosed and
analyzed based on this model to identify the degree of looseness of the fixed bolts. The experimental results
indicate that the proposed method is able to identify the loosening faults of the footing bolts more accurately and
achieve the accurate diagnosis of the loosening degree of the fixed bolts. Thus effectively preventing the
occurrence of escalator footing loosening accidents. In the current study, after the vibration signal of the
foundation is decomposed by EWT, all components are processed by bispectral analysis and fault features are
extracted, which results in a large amount of calculation. However, the present studies have shown that the fault
information is mainly concentrated in a few empirical mode function components (EMF) after the fault signal is
decomposed by EWT. Therefore, how to use spectral kurtosis and other methods to select the EMF containing the
main fault information to further improve the fault identification accuracy and reduce the computation, which is
our next step.
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