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Abstract: Fault diagnosis of mechanical equipment is mainly based on the contact measurement and
analysis of vibration signals. In some special working conditions, the non-contact fault diagnosis
method represented by the measurement of acoustic signals can make up for the lack of contact
testing. However, its engineering application value is greatly restricted due to the low signal-to-
noise ratio (SNR) of the acoustic signal. To solve this deficiency, a novel fault diagnosis method
based on the generalized matrix norm sparse filtering (GMNSF) is proposed in this paper. Specially,
the generalized matrix norm is introduced into the sparse filtering to seek the optimal sparse feature
distribution to overcome the defect of low SNR of acoustic signals. Firstly, the collected acoustic
signals are randomly overlapped to form the sample fragment data set. Then, three constraints are
imposed on the multi-period data set by the GMNSF model to extract the sparse features in the
sample. Finally, softmax is used to as a classifier to categorize different fault types. The diagnostic
performance of the proposed method is verified by the bearing and planetary gear datasets. Results
show that the GMNSF model has good feature extraction ability performance and anti-noise ability
than other traditional methods.
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1. Introduction

Rotating machine plays a crucial part in steam turbine, electric generator, and engine
[1,2]. Bearings and gears, as important rotating and vulnerable parts, will inevitably fail
during the operation of the equipment. Consequently, diagnosing gear and bearing faults
as quickly as possible has become a hot research topic at this stage [3].

With the development of deep learning, intelligent fault diagnosis methods have
achieved remarkable success [4]. Wang et al. [5] combined stacked autoencoders (SAEs)
and batch normalization to achieve fast feature extraction and fault diagnosis. Li et al. [6]
connected convolutional neural networks (CNN) and S-transform (ST) algorithm to en-
hance the characteristics of learning ability, namely, ST-CNN. Yu et al. [7] developed a
three-stage semi-supervised learning-based intelligent bearing fault diagnosis method
which combined data augmentation (DA) and metric learning. Zheng et al. [8] proposed
a fault diagnosis method with high diagnostic accuracy based on parallel algorithms. To
overcome the lack of learning features of traditional autoencoders, a standardized sparse
autoencoder is developed by Jia et al. [9]. Although these methods overcome the difficul-
ties of signal processing, they are mainly based on the measurement and analysis of vi-
bration signals. However, in some special working conditions, the sensor installation is
inconvenient and the vibration signal can not be feedback, which limits the contact fault
diagnosis method represented by the measurement of vibration signal. Therefore, the
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non-contact fault diagnosis method represented by the measurement of acoustic signal
can replace the vibration signal as the means of fault diagnosis in some special environ-
ments [10]. Zhang et al. [11] proposed a novel transfer learning method named hybrid
distance-guided adversarial network (HDAN) for intelligent fault diagnosis. Wang et al.
[12] added [1/2 norm to the objective function of SF to realize intelligent fault diagnosis
under velocity fluctuation. Han et al. [13] stacked SF and normalized the input of each
layer to realize bearing fault diagnosis under the condition of speed fluctuation.

Acoustic signal adopts non-contact measurement method, which is more widely
used than vibration signal and has lower cost [14]. Therefore, it has become a trend to
apply acoustic signal to fault diagnosis [15]. Zhang et al. [16] converted acoustic signals
into geometric structure graphs and proposed a depth graph convolutional network
(DGCN) method for fault diagnosis of rolling bearings. Liu et al. [17] transformed acoustic
signals into spectrograms and used stacked sparse autoencoders to extract fault infor-
mation. Glovacz [18] developed a simplified frequency selection method (SMOEFS) based
on acoustic signals for induction motor fault identification. Parvathi et al. [19] applied
reasonable expansion wavelet transform (RADWT) to preprocess acoustic signals for fault
diagnosis of three-phase induction motors. The above intelligent fault diagnosis technol-
ogies rely on human prior knowledge and related signal processing knowledge, which is
time consuming and laborious. In addition, the low SNR of acoustic signal increases the
difficulty of signal denoising and feature extraction. Therefore, improving the ability of
fault feature extraction is the key problem of acoustic signal based intelligent fault diag-
nosis technology.

In the process of feature extraction [20], we can obtain additional useful information
by learning sparse features. Sparsity means the output items are mostly zero to ensure
that excessive information features will not be lost [21]. Some well-known sparsity feature
learning methods are sparse restricted boltzmann machine (RBM) [22], sparse autoencod-
ers [23], and sparse filtering (SF) [24]. Sparse coding learns many overly comprehensive
bases [25]. Therefore, the sparse coefficient can be used to represent the sample. Similar to
sparse autoencoders, sparse RBM can be realized after considering penalty with sparse
terms. Considering that sparse coding and sparse RBM [22] have sparse penalty terms,
sparse features can be obtained. SF is an efficient and simple unsupervised feature learn-
ing algorithm [26]. It can bypass the estimation of data distribution and only requires op-
timizing a simple cost function to directly optimize the feature distribution. Despite the
SF can achieve ideal diagnosis result, the input dataset are all vibration signals. It is still
difficult to obtain so high accuracy through the acoustic signal.

In order to overcome the above shortcoming, a novel non-contact fault diagnosis
method based on the generalized matrix norm sparse filtering (GMNSF) is proposed in
this paper. In this method, the generalized matrix norm is introduced into the sparse fil-
tering to seek the optimal sparse feature distribution to overcome the defect of low SNR
of acoustic signals. First of all, the acoustic signals collected are randomly overlapping to
form the sample fragment data set. Then, three constraints are imposed on the multi-pe-
riod data set by the generalized matrix norm sparse filtering model to extract the sparse
features in the sample. Finally, Softmax classifier is used to output bearing health states
corresponding to different acoustic signals.

The remainder of this paper is organized as follows. Section 2 particularly introduces
the proposed GMNSF method in fault diagnosis. Section 3 investigates two diagnosis
cases of planetary gearbox and rolling bearing datasets to verify the accuracy of GMNSF
method. Furthermore, the optimal parameters are assigned through comparative analysis.
Section 4 analyzes the weight matrix. The last section comes the conclusions.
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2. Proposed Method
2.1. GMNSF

As shown in Figure 1, the structure of GMNSEF is a two-layer network. The inputs
and outputs of GMNSF are the collected samples and learned features. For the training
dataset {x'}" , where M is the number of samples and x' e R"" is a sample with N

input variables, the feature form { fj’}f;’l can be obtained by weight matrix W, where
each row of Wis a filter applied to each sample. Concretely, let f j’ denote the jth feature

value (row) for the ith example (column). g(.) is used as activation function. The feature
calculation is

fl=gWx" )

‘ -0 00 Feature vector f*

Weight matrix W

Input sample x’

Figure 1. Network structure of GMNSE.

In practice, the activation function g(.) can be arbitrarily selected. To overcome the
disadvantage that the cost function is not smooth, the soft absolute function

g(x)=x"+¢

-8
parameter, and € = 107

&

can be used as the activation function, where is an extremely small

fji is the feature value of the ith row and jth column in characteristic matrix, and

f/," is normalized to an equal activation value, so that each feature is divided by its /, -

norm in all samples.
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where f ; denotes each column of the matrix, and fj denotes the normalized features.

The features of each sample are normalized so that the features of all samples fall on
the unit sphere of /, -norm.

il
7], N

where f' denotes each row of the matrix. and f' denotes the normalized features.
Then, the matrix norm penalty is used for sparsity constrained optimization. Suppose
adata sethas M samples, the objective equation is
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where 7 and s are matrix norms for measuring standardized features, L denotes the
sample dimension.

The generalized matrix norm can ensure that all the inactive eigenvalues will be ap-
proximately uniformly distributed in the eigenspace. In the feature matrix, the lifetime
sparsity of the feature has been optimized in the optimization process of population spar-
sity and high dispersity.

Figure 2 shows the sparse feature learning process of GMNSE. The learned eigenvec-
tor can be expressed as f' =[f'f;]" and f*=[ff,]". In the training process of
GMNSF, both samples must be mapped to the unit circle of 12-norm, and the normalized
characteristics are limited to a unit circle.

A
D Feature vector f'
o - /(D
\ T —— ~ 2
o Q Feature vector f
= N
= N
S \
(&

\ (1) Normalization

\\ (2) Minimizing cost function

>
Feature f'

Figure 2. Sparse feature learning process of GMNSF.

In this paper, the cost function C is minimized by L-BFGS algorithm. In particular,
the gradient of cost function for W is
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2.2. Intelligent Fault Diagnosis Framework

As shown in Figure 3, the intelligent fault diagnosis method in this paper is divided

into three stages: model training, feature extraction, and fault recognition. First, the
GMNSF model is trained to obtain the optimized W through the acoustic dataset. Sec-
ond, the optimized W is used to extract features. Finally, softmax regression is empol-
yed to classify the health status according to the learned features.

Fault recognition |

Condition labels W"NWW
Learned features M{anww

i

i
/

Optimized W

Training model l Random segments

el " i bk
oty oty WMMW ik ity

Figure 3. Intelligent fault diagnosis framework based on GMNSE.

1.

Model training: The GMNSF model is trained through the original acoustic dataset.
Set the training sample set as {x'.»'},, where M is the number of samples,
x' € R"™ denotes the N input variables in the i sample, and »' is the label of
the sample x'. The sample is randomly divided into N, segments and each seg-
ment includes N, input variables. Thus, a training set {s’ |’ contains MN, seg-
ments, where s/ e R*" is the jth segment of the training dataset. Noticeably, the
segments are obtained through overlapping. The following are the specific steps of
model training. Then, the obtained {s / },M:N, is directly inputted to GMNSF to train

the weight matrix W.
Feature extraction: The discriminant features can be obtained by the optimal weight

matrix pp . The training sample X, isseparatedinto K sections,and the K isan

integer and equal to N/N, . The dataset {x; }K

k=1

is composed of K segments and

x, € ™" Then, the trained sparse filtering model is used to calculate the local f -

ture ] 7 e RY*! of each sample. Learned features are obtained by combining local

features using the average method, leading to
-1 i <
fr==2K ®)
Ko
Fault recognition: The learned features of all samples are combined with the labels

and then trained through the softmax classifier. First, Z-Score is normalized to acti-
vate training and test data. The calculation method is as follows:
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where f denotes the mean value of f, and @ represents the standard deviation. Thus,

the rescaled matrix f owns the properties of a standard normal distribution.
Y
Then, the softmax regression model is trained by the learned characteristic set {f }‘=1

i i
and the healthy condition label set {y }":1 , v {1’2""’D}. The softmax regression output

probability P (y =dif ) that f is the label of the feature vector. The softmax regres-

sion model of weight matrix 0 s acquired by minimizing the nest cost function.

D N,

yl o ]2 ) eﬁd]?i
HO)=53 > 0!) ——| > > {y' =d}log5—— (10)
23555 M| T3 zeg"j?i

c=1

where 1{.} is the indicator function, M denotes the training sample size, and D denotes the
category number. A is the parameter of the weight decay term.

3. Experimental Validation

Rolling bearings and gears are the major components of rotating machinery, and their
health conditions are closely related to the normal operation of the equipment. In this
paper, the rolling bearing data set and planetary gear data set are taken as the research
objects to evaluate the effect of the proposed method.

3.1. Rolling Bearing Data Verification and Analysis

The bearing data set is from Shandong University of Science and Technology
(SDUST). Experimental equipment includes motor, coupling, planetary gearbox, bearing
seat, and turntable. Figure 4a shows the main components. Acoustic sensor is placed 30
cm from the bearing housing. The acoustic signals of the bearing under the stable condi-
tion are collected by the LMS data acquisition instrument, and the sampling frequency is
set at 25.6 kHz. The bearing model is an N205EU cylindrical roller bearing. The dataset
contains 9 kinds of health conditions in Figure 4b: inner race fault 0.2 mm, and 0.4 mm
(IF0.2 and IF0.4), roller fault 0.2 mm and 0.4 mm (RF0.2 and RF0.4), outer race fault 0.2
mm and 0.4 mm (OF0.2 and OF0.4), roller and outer race fault 0.2 mm and 0.4 mm (ROF0.2
and ROFO0.4), and normal condition (NC). 200 samples are collected for each health state,
so the bearing data set contains a total of 1800 samples, among which each sample con-
tains 1200 time domain points. The samples used for training accounts for 50%, and the
rest are selected for testing. Other parameters are randomly set as follows: the number of
overlapping segments is set as 50, N, =50 . The output dimension is equal to the segment

length, N, =N, ,6 =100. To eliminate the random effect, each set of experiments is con-
ducted 25 times.
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Bearing seat

Gearbox

pag | Acoustic sensor

(b)
Figure 4. (a) Rotor test bench and (b) Bearing fault feature diagram.

Figure 5 shows the effect of matrix norm on sparse performance. The parameters of
the matrix norm r and s are set between 1 and 10. As can be seen from Figure 5, the accu-
racy of the model drops rapidly when r = 2. According to Equation (4), the algorithm
constraint fails at that time, which leads to the decrease of accuracy. At the same time, it
can be found that the accuracy of the model is related to the ratio. The closer the ratio is
to 1, the lower the accuracy is, and the accuracy gradually increases with the increase of
the ratio difference. In addition, the accuracy reached the highest when r = 8 and then
gradually decreased. According to the above analysis, r =8 and s =1 are the best and the
average accuracy is 97.7%.

Optimal value

100 ~

_ 95
X
=
§ 90 1 90
g
I3
g0 85
5
< 80

70

1(
10 - 8 =
4
4 2 P

s 0 0 r

Figure 5. Diagram of different matrix norm test results.

The input and output dimensions of the model as well as the size of the data set have
a great impact on the algorithm. In order to study the performance of GMNSF under dif-
ferent parameter settings, Figure 6 shows the impact of the input dimension on diagnosis
performance. It can be seen that the average accuracy increases with the increase of the
input dimension when the input dimension is less than 150; the accuracy does not change
significantly when the input dimension is greater than 150 and the accuracy decreases
significantly when the input dimension is greater than 300. The experiment shows that
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the bigger the input dimension is not the better. Considering the calculation accuracy and
time, the best input dimension output in this experiment is 150.

100

‘ I Aaverage test accuracy | Standard deviation Computing Time ‘
T T T T T ] () 5

T T

Average accuracy(%)

Computing time(s)

50 100 150 200 300 400 600
Input dimension

Figure 6. Diagram of test results for different input dimensions Nj,.

Figure 7 illustrates the influence of output dimension on diagnosis performance. It is
clearly to seen that the average calculation time of the algorithm increases with the in-
crease of the output dimension, but the calculation accuracy does not change significantly
when the output dimension is greater than 150. Therefore, the experiment shows that the
bigger the output dimension is not the better. Considering the accuracy and calculation
efficiency, the optimal output dimension in this experiment is 150.

‘ | Aaverage test accuracy T  Standard deviation Computing Time ‘
T T T T T 6

100

98

96

94

Average accuracy(%)

Computing time(s)

92

90

25 50 100 150 200 250 300
Output dimension

Figure 7. Diagram of test results for different output dimensions Ny,;.

Figure 8 shows the impact of the number of segments on diagnosis performance. It
is observed that the test accuracy gradually increases when the number of sections is less
than 50, and the calculation time slowly increases. In addition, the increasing trend of test
accuracy becomes slow, and the calculation time increases sharply when the number of

N, =50

sections is greater than 50. In conclusion,
training.

is selected for sample segmentation
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‘ I A average test accuracy T Standard deviation Computing Time
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100

Average accuracy(%)
Computing time(s)
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Figure 8. Diagram of test results for different numbers of sections Ns.

On the basis of the above-mentioned analysis, the average accuracy of the proposed
method on bearing dataset is 97.9%, the error is 0.96%, and the average calculation time is
12 s. In addition, a confusion matrix is used to display the classification result as shown
in Figure 9. In the figure, the abscissa is the predicted label of the test sample, and the
ordinate is the true label of the test sample. The diagonal of the matrix is the correct clas-
sification accuracy rate, and the rest is the error classification rate. The results show that
each health condition can be distinguished, and the classification accuracy is above
97.93%. Specially, the testing accuracy rate to NC, IF0.4, RF0.2, and OF0.4 is 100%. In ad-
dition, 6 samples of IF0.2, 1 sample of RF0.4, 7 samples of OF0.2, 1 sample of ROF0.2, and
5 samples of ROF0.4 are misclassified as other health conditions by GMNSF.

NC
IF0.2
IF0.4
RF0.2
RF0.4
QF0.2
QF0.4
ROF0.2
ROF0.4

True labels

o o o o o o o o

4 RF0.2 RF0.4 OF0.2 OF04 ROF0.2 ROF0.4
Predicted labels

Figure 9. Confusion matrix of the bearing dataset.

To better demonstrate the advantage of GMNSF, we make a comprehensive compar-
ison with several existing methods as shown in Table 1. The first method, standard sparse
filtering (SF) [27] method can achieve the accuracy of 92.96 +1.22%. In the second method,
a fast intrinsic component filtering (ICF) [28] and 87.35 + 1.58% testing accuracy are ob-
tained. In the third method, a feature extraction algorithm based on convolutional sparse
filter (CSF) [29], which can obtain 73.35 + 3.78%. In the fourth method, the accuracy of the
developed GMNSF method is 97.93 + 0.96%, which is better than all comparison methods.
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Table 1. Performance comparison between the proposed GMNSF method and some classical meth-
ods.

Method Description Training Samples (%) Testing Accuracy (%)
1 SF 50 92.96 £ 1.22%
2 ICF 50 87.35 £ 1.58%
4 CSF 50 73.35+£3.78%
5 GMNSF 50 97.93 +0.96%

3.2. Gear Data Verification and Analysis

In order to simulate the actual working conditions, acoustic data are collected in the
gear speed random fluctuation state, so as to verify the diagnostic performance of the
proposed generalized matrix norm sparse filtering method. The experimental data in this
section are collected by the planetary gearbox failure test bench. In order to show the
speed of the collected sound signal, the speed fluctuation diagram under five health con-
ditions is shown in Figure 10. It can be seen that the speed fluctuation range is between
500r/min and 3000r/min. The irregular speed fluctuation in a large range makes the ex-
tracted signal features closer to the actual working conditions. Figure 11 shows 5 health
conditions: normal condition (NC), planetary wheel fracture (PF), planetary wheel wear
(PW), sun wheel fracture (SF), and sun wheel pitting (SP). The sampling frequency is
25.6kHz, 200 samples are collected under each gear health condition, and each sample
contains 1200 input variables. Figure 12 shows the time domain signals of the five types
of gear health condition. The methods based on time domain have difficulty distinguish-
ing the health condition of gears. Therefore, these health conditions can be distinguished
by the proposed method. The parameters are set to r =8,s =1,Ny = 150,Nyy =
150, N; = 50; 50% of samples are used for model training; and the rest are selected for
performance diagnosis. A total of 1000 segments are trained. The average testing accuracy
15 96.6%, standard deviation is 1.43%.

— NC — PF PW SF SP
3000
2500 |=
&
& 2000
(€]
oL
= 1500
S,
E 1000f
500 1 1 1
0 10 20 30 40
time (s)

Figure 10. Gear speed fluctuation diagram.

(a)SF (b)SP (c)PF (dPW

Figure 11. Gear fault feature diagrams.
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Figure 12. Time domain waveforms of gear health condition.

Additional diagnostic information can be seen in Figure 13. It can be observed that
compared with other classical methods, GMNSF still has the best fault diagnosis perfor-
mance, with a maximum test accuracy of 96.6 + 1.43%. The diagnostic results of SF and
CSF were 95.6+1.45% and 89.24 + 3.42%, respectively. Therefore, the proposed
GMNSF method also shows a good anti-noise ability when processing the acoustic signals
of the gearbox.

e GMNSF @ SF W= CSF
T

100 T

Nl

(v
Py
1

Accuracy(%)

el
(=)

85

2 4 6 8 10 12 14 16 18 20
Trial

Figure 13. Comparison of testing accuracy of gear data sets.

To further describe the differentiation of learning features by the proposed method,
T-SNE [30] is used to reduce the dimension of high-dimensional features to achieve visu-
alization. Figure 14a shows the dimension reduction result of GMNSF. Apparently,
GMNSF can perfectly divide these feature vectors into five parts. The proposed method
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is compared with the traditional SF, and Figure 14b presents the dimension reduction re-
sult of SF. It is easy to find that some overlaps exist among different categories. Therefore,
the proposed method can obtain a better clustering performance than traditional SF.

60 ¢

NC e PF «PW e SF = SP 6ol NC « PF «PW e SF e SP
40 ¢
40t -
e 207 ol S L]
g g
Z oot R .
(] (]
E £
2 gl o 0f
40 r 20t
-60 - . - - ! . - - - .
-60 -40 =20 0 20 4 -40 =20 ] 20 40
Dimension 1 Dimension 1

(a)

Figure 14. Dimension reduction results: (a) GMNSF, (b) traditional sparse filtering.

4. Discuss Weight Matrix

To further illustrate the sparse feature extraction performance of GMNSEF. The stand-
ard SF is compared with the proposed GMNSF feature vector by using the rolling bearing
data set, as shown in Figure 15. It is observed that the feature distribution obtained by
GMNSF has obvious sparsity and strong filtering performance, and only a few feature
points have non-zero values. However, the feature vector sparsity of SF is poor. This in-

dicates that GMNSF can extra

ct more sparse features than SF.

6 T T
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° ©
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=]
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0
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Figure 15. Learned feature vectors of NC condition: (a) GMNSEF, (b) SF.
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In addition, 9 row vectors of weight matrix trained by GMNSF are randomly selected
as shown in Figure 16a. Figure 16b presents the spectra acquired by the fast Fourier trans-
form (FFT). The result shows that the weight vector trained by GMNSF model presents
an oscillation curve in the time domain graph, and the frequency band of the spectrum is
narrow. These weight vectors have the same time-frequency characteristics as the Gabor
filters used as signal bandpass filters [31]. Thus, each weight vector can be considered a
Gabor filter. Remarkably, most of the weighted part of the spectra will suppress different
center frequencies, indicating that the proposed method has a good band-pass basis for
acoustic signals. As shown in Figure 17, the row vector trained by the traditional SF
method has obvious components and no obvious peak value in other frequency ranges,
so SF does not show sulfficient feature extraction capability.

i L N
BN A
AT

Figure 16. The weight vector learned by GMNSF model: (a) time domain, (b) Frequency domain.
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(a) (b)

Figure 17. The weight vectort learned by SF model: (a) time domain, (b) Frequency domain.

5. Conclusions

The current study proposes a generalized matrix norm sparse filtering to improve
the feature learning ability of raw sparse filtering. The generalized matrix norm is intro-
duced into the standard sparse filtering to obtain the optimal sparse distribution. The di-
agnosis results of rolling bearing dataset and planetary gearbox dataset show that GMNSF
model has higher test accuracy and more stable weight quality for acoustic signals. In
addition, the selection of sparsity parameter is beneficial in improving diagnostic perfor-
mance, and the diagnostic accuracy of the proposed method is better than that of existing
methods.

However, the hyperparameters of the proposed method still need to be manually
adjusted. The automatic selection of the parameters may make GMNSF easier to be used
in practice. Therefore, the next step is to adaptively adjust these parameters by some op-
timization techniques, so as to improve the intelligence of the model and raise its perfor-
mance.
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