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Abstract—As one of the most important technologies to
guarantee the safe operation of industrial equipment, fault
diagnosis technology has gained wide attention. Rolling bearings
are indispensable and wearing parts for large machinery
equipment. It’s greatly significant to find out the fault type, fault
severity, and fault location in time for maintaining the normal
operation of a mechanical system. Based on the advantages of
the supercomplete dictionary learning model, this paper
proposes a new feature extraction method, which is combined
with the Softmax classifier for rolling bearing fault diagnosis.
We use a measured rolling bearing data set to prove the effect
of our method. Then we design contrast experiments to compare
our method with traditional methods. The experiment results
show that our method can accurately diagnose multifarious
bearing faults, and the supercomplete dictionary model can
extract the characteristics of vibration signals well, which is
superior to traditional research efforts.

Keywords—fault diagnosis; rolling bearing; supercomplete
dictionary learning model; machine learning; Softmax classifier

L INTRODUCTION

In mechanical equipment, the bearings, which are
responsible for supporting the rotating shaft and the parts on
the shaft, are very important in the normal operation of
mechanical equipment. Although the rolling bearing has the
advantages of convenient maintenance and reliable quality, it
is still possible to break down in production which may cause
a bad impact on production and life.

Recently, the mainstream fault diagnosis includes two
processes: extracting feature and classifying vibration
signals. For the feature extraction method, the commonly
used methods include fast Fourier transform [1], wavelet
transforms [2], and empirical mode decomposition [3]. For
the mode classification method, the commonly used methods
include an expert system, vector machine supporting [4], BP
neural network, and deep learning. Now the updating of fault
diagnosis methods mainly lies in the different combinations
and replacement of feature extraction methods and classifiers
to achieve better diagnosis results.

The traditional fault diagnosis methods mainly rely on
human experience judgment and developing signal
processing technology to extract useful feature representation
from various vibratory signals. Although the methods
mentioned above already have satisfactory performance, the
feature extraction representation method is mainly designed
by human. It mainly depend on the existing knowledge about
signal processing and diagnostic specialty, so it cannot be
well generalized to other diagnostic fields. A fault diagnosis
method based on deep reinforcement learning has been
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proposed, which can learn the advanced features of vibration
signals and has significant diagnostic performance.
Dictionary learning is more prominent in fault diagnosis and
representation learning because of its simple and efficient
characteristics.

However, in real-world applications, the input samples
captured under different operating conditions vary widely
within the class, and the classification performance of these
methods is often affected. Background interference and noise
erosion also have a significant influence on amplitude of
signals, which may cause a obvious intra-class variation.
Under the same fault mode, the vibration signals with
different loads show great intra-class variation, which will
obviously aggravate the decline of classification
performance. Therefore, a new fault diagnosis method is
urgently needed to solve these problems. Based on the
advantages of the supercomplete dictionary learning model,
anew feature extraction method is proposed in this paper that
is combined with the Softmax classifier for rolling bearing
fault diagnosis. The main works in this paper is as follows:

®  We designed the whole process of experimental fault

diagnosis by using the pretreatment of data sets and
supercomplete dictionary learning.

® We established the fault diagnosis model by

combining the Softmax classifier with the
supercomplete dictionary learning algorithm.

®  We conducted the experiment based on MATLAB to

prove the accuracy and effect of the new method.

II.  BASIC PRINCIPLE OF ROLLING BEARING FAULT
DIAGNOSIS

The general process of rolling bearing fault diagnosis is
shown in Fig 1.

Acquisition of Signal Data set
vibration signal preprocessing segmentation

Classifier
classification and  |¢—|
result analysis

Training feature
extraction model

Fig 1 General process of rolling bearing fault diagnosis
The main process of bearing fault diagnosis is as follows:
acquiring vibration signals, signal preprocessing, data set
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segmentation, training of the supercomplete dictionary
learning model, computational feature characterization,
training of Softmax classifier, and analysis of results.

III.  RESEARCH ON ROLLING BEARING FAULT DIAGNOSIS
M
This paper assumes that the training set is {x’}_:1 and the

A M
corresponding set is formulated as { y’};1 , Wwhere

x'e R,y e{l,2,-,K} . For each input x', the model
calculates the probability p(y' =k|x") for all labels of k,
where k=1,2,---,K . Therefore, Softmax regression will

output a vector and the vector will yield the estimated
probability of K input samples belonging to each label.

Specifically, we assume the form of 4, (x") is

Py =11x:6) "
. "=2]x;6 1|
() = p(y : )| _ ] 1
. . ' zegkx
p(y' =K|x0)] = e

where @ denotes the parameter of the Softmax regression
model which can be formulated as 6=[6,,6,,---,6,] .

K

o7 ' . . . . . .
Ze “* denotes the distribution normalization which ensures
k=1

that the sum of all elements is 1.
Based on the assumption of the model, this paper trains the

model by minimizing the loss function J(6).

1| & ) es,éx’ 1E X .
J(e)=—ﬁ > >y =k}log— +3229k, ()
i=1 k=1 Zeefx' k=1 I=1

=1

Training the supercomplete
dictionary model

Set of training E—)i E»}

Where { yi = k} indicates that the function returns 1 if the

condition is true and O otherwise. A denotes the weight
attenuation term.

The ultimate purpose of the weight attenuation term is to
prevent overfitting and underfitting. It makes some
parameters of the Softmax regression close to zero but
allowing others to keep relatively large values. With the
weight attenuation term, J(&) is strictly convex and can

ensure that the maximum regression model has a unique
solution in theory for any 4>0.

The linear weighted output values are converted into
probability distributions through the Softmax operation. The
principle of the Softmax classifier can be simply expressed
as:

Softmax(p(y' =k|x") = SeXP(P(y =k|x")

ZeXP(p(y’ =k|x")

3)

Where )’ indicates that the sample y corresponds to
category I and k indicate the label.

The Softmax layer structure is shown in Fig 2. And the
main diagnosis process is shown in Fig 3.
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Fig 2 Softmax layer structure
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Fig 3 Main diagnosis process

Authorized licensed use I|mlted%)%éarfgl%t%laﬁ@a&y@&%kﬂ%ﬂﬁ@%ﬂﬁ& i’d,’féf?&?ﬁ%&gﬁﬁt from IEEE Xplore. Restrictions app‘g/é."81



Table 1 Gearbox bearing data set

health states operating condition  number of samples health label
normal state 01/02 300/300 1
ball fault 01/02 300/300 2
inner ring fault 01/02 300/300 3
outer ring fault 01/02 300/300 4
inner and outer ring compound fault 01/02 300/300 5

Table 2 initial experimental parameters table

initial experimental parameters value
input size 100
output size 100
regularization parameter 0.3

Regular type 1

number of iterations 100
ratio of training 0.1
rate of overlap 0.95

IV. EXPERIMENT

A. Description of experimental data set

As mentioned above, in the era of mechanical big data,
fault detection and diagnosis have made remarkable
achievements in predicting environment conditions and
remaining service life. The representation of the original
sensory data is very important to the success of fault
detection. Traditional methods are a lot of work because they
often rely on handmade features and expertise heavily. To
vertify the performance of the supercomplete dictionary
model diagnosis method, a real case study, namely gearbox
rolling bearing fault diagnosis, was conducted by
constructing a data set. According to the vibration data
selected in the paper under the minimum damage radius of 7
miles, we programmed it in MATLAB. Through preliminary
research, this paper explores in detail the different health
states that may appear in the working process of gearbox
rolling bearings, and then builds a gearbox rolling bearing
data set with five labels, as shown in Table 1.

The data set gear operating states are divided into five
types, which are normal state, ball fault state, inner ring fault
state, outer ring fault state, and inner and outer ring
compound fault state. Under each working condition, there
are 300 vibration signal samples for each health state and
each sample has 2400 sampling points. The sampling
frequency is to 1024Hz. O, and O, respectively represent
different operating conditions: O; indicates the operating
condition of the bearing is rotation frequency 20 Hz (1200
rpm), no load (0 Nm). And O indicates the operating
condition of the bearing is rotation frequency 30 Hz (1800
rpm), load 2 V (7.32 Nm).

The main parameters include input size and output size,
regularization parameter, regular type, number of iterations,
ratio of training, and rate of overlap between fragments. The
initial parameter values are shown in Table 2.

B. Analysis of experimental results

In this experiment, 5 kinds of bearing fault combination
states were selected in the data set, with a total of 3000 data
points. In order to avoid the influence of randomness, this
paper conducts 10 repeated experiments independently and
obtains the average classification accuracy. The experimental

results are shown in Figure 4. It can be seen that the accuracy
rate reaches a high level under the default experimental
conditions.
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Fig 4 Diagnostic accuracy change line graph
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Considering 8 different network structures, the diagnostic
performance of the supercomplete dictionary model is
evaluated. Except for different input and output sizes, the
optimal trade-off parameter for each network structure were
evaluated. Five repeated experiments were conducted
independently for each kind of network framework, and the
bar chart as shown in Fig 5 was drawn.

From Fig 5, the supercomplete dictionary model in this
paper has achieved high test accuracy on the whole, all above
95%. When the input and output sizes were set to 50-50 and
60-75, although the iteration time was shortened, the
diagnostic accuracy could not reach a very high level
obviously. When the input and output sizes are 50-100 and
75-75, the diagnostic accuracy is above 98% in a limited time,
but there is still much space to improve. When the input and
output sizes were 75-100, 75-150, 100-100, and 100-150, the
diagnostic accuracy reached a high level and remained within
the highest diagnostic accuracy range of this method.
Therefore, to eliminate the influence from different network
architectures on the learning results of the supercomplete
dictionary method, the 100-100 network structure type is
adopted in this paper after considering the influence of
iteration time and diagnostic accuracy comprehensively. In
the remaining experiments, all experimental parameters share
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the same structure, so the number of elements for the input
and output sizes is both 100 and 100.

100 — T T T T T T T

1 1 1 1 1
50~50 50~75 50~100 75~75 75~100 75~150100~100100~150
Input size - Output size
Fig 5 Influence of network framework on diagnostic accuracy

In this section, the influence degree of regularization
parameters on diagnostic accuracy was studied, and then the
optimal regularization parameter 3 was determined. As
mentioned above, the network framework of this experiment
adopts 100-100 type, and the regularization parameter B is
[0.1:0.1:1], that is, 10 groups of data are taken every 0.1
intervals in this interval. In order to eliminate the
experimental accidental error, each set of data was
independently conducted three times, a total of 30
experiments. Finally, the influence curve of regularization
parameter 3 on diagnostic accuracy was drawn, as shown in
Fig 6.

From Fig 6, the regularization parameter [ has a high
diagnostic accuracy within the value range of [0.1, 0.8],
reaching more than 96%. When f is 0.9 and 1.0, although
iteration time is greatly reduced, the diagnostic accuracy is
lower than in other experimental conditions. When f is 0.1
and 0.2, the iteration time is twice as long as other parameter
conditions, and the diagnostic accuracy is not the highest.
When f is in the range [0.3, 0.7], the iteration time is similar,
and the conclusion can be drawn by observing the parameter

curve. The diagnostic accuracy was high and the iteration
time was reasonable and acceptable. Therefore, the
regularization parameter B will be set to 0.3 in other
experiments in this paper.
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Fig 6 Influence of regularization parameter § on diagnostic
accuracy
Then, to prove the wvalidity and superiority of

supercomplete dictionary learning model method, the
accuracy of the method proposed in this paper is compared
with that of several traditional methods on the selected data
sets. The artificial extraction features are mainly based on the
features of the time domain and frequency domain. The data
set utilized in this experiment is the original vibration signals
of rolling bearings with 5 categories of health statuses
described in Table 1, and the comparison results are shown in
Table 3. The results indicate that even when the proportion of
training samples is 10%, the optimal recognition rate of the
supercomplete dictionary model algorithm is 99.26+0.15%.
Therefore, the method in this paper is better to all the usual
manual diagnostic methods.

Table 3 Comparison with the method based on artificial feature extraction

Methods

Precision of diagnosis

Supercomplete Dictionary model + Softmax Classifier
Supercomplete dictionary model + Extreme Learning machine classifier
Artificial extraction feature + Softmax classifier
Artificial extraction feature + Extreme Learning machine classifier

99.26+0.15%
96.53+0.87%
90.25+1.17%
91.50+1.00%

As mentioned above, 300x5x2 data points in total were
selected for the database sample in this paper. Where 2
represents O1 and O2 operating conditions, and 5
represents five different health states. 300 data points were
selected for each working condition. As the training ratio
was selected as 10%, the final result was a matrix of
2700x100. Among them, 2700 denotes the number of
samples and 100 denotes the dimension. This paper uses
the tsne dimension reduction technology of MATLAB and
the drawing function to visualize the experimental results.
The experiment results of comparison between the
proposed method and the traditional methods are visualized
in Fig 7 and Fig 8. From Fig 7, when the training ratio is

10%, the supercomplete dictionary model learning method
adopted in this paper achieves high diagnostic accuracy and
good aggregation. As can be seen from Fig 8, the traditional
manual diagnosis method also contains 2700 data signals.
When the feature similarity is high, it will be difficult to
distinguish which category it belongs to, and the diagnostic
accuracy is much lower.
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Fig 7 Visualization of feature recognition results of
supercomplete dictionary learning method
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Fig 8 Visualization of feature recognition results of traditional
manual diagnosis methods

V. CONCLUSION

This paper investigates and analyzes the historical
background and development of machine learning in the
field of fault diagnosis. Then the common fault categories
of rolling bearings were explored and a gearbox rolling
bearing data set containing five health states was
constructed. Next, a new fault diagnosis method based on
the supercomplete dictionary learning model is proposed
by establishing and optimizing the loss function. Finally,
the effect of the method is proved by a large number of
experimental simulations. Compared with the traditional
manual diagnosis method, the method in this paper has
more advantages and prospects. The diagnostic time is
greatly shortened and the diagnostic accuracy is greatly
improved which proves that the method proposed in this
paper has broad research prospects.
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