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Abstract
A fault identification method of rolling bearing based on depth belief network is proposed, which does not need to extract fault
features in advance. Vibration signal is directly used as the input of the whole system. Fault feature extraction and fault
identification can be automatically accomplished by using the powerful feature extraction ability of deep confidence network. The
results show that the proposed method is able to not only adaptively mine available fault characteristics from the data, but also
obtain higher identification accuracy than the existing methods.
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1. INTRODUCTION

With the development of science and technology, the
electromechanical equipments in aviation, aerospace,
industry and other fields are becoming more and more
complex, intelligent and comprehensive. Moreover, their
operating conditions and working environment are
becoming more and more complex and changeable,
resulting in higher and higher maintenance and safeguard
costs. At the same time, due to the increase of components
and influencing factors, the probability of failure is
increasing. Therefore, accurate and effective fault diagnosis
of complex equipment system becomes an effective way to
improve system security and reliability and reduce
maintenance costs.

Traditional intelligent methods are also called shallow
learning models, including artificial neural networks,
support vector machines, LR and so on. Although these
methods have made great achievements in intelligent fault
diagnosis, they still can not use less prior knowledge to
analyze complex faults. Because of poor performance and
generalization ability, it is difficult for them to express
complex functions. These facts demonstrate the limitations
of shallow networks and encourage people to explore how
to extract features and represent complex functions through
deep networks.

In recent years, deep learning, as an emerging method in
the field of machine learning, has achieved brilliant results
in the fields of image and speech recognition with its
powerful automatic feature extraction capability. As one of
the classical algorithms for deep learning, Deep Belief
Network successfully solves problems such as information
retrieval, dimension reduction, fault classification and so on
with its excellent feature extraction and training algorithms.
Compared with the traditional fault diagnosis method, the
DBN method has the following advantages: 1) Deep

learning has powerful feature extraction ability, which can
automatically extract features from a large amount of data,
reducing the dependence on expert fault diagnosis
experience and signal processing technology. It reduces the
uncertainty of feature extraction and fault diagnosis caused
by manual participation in traditional methods; 2) By
establishing a deep model, it can well represent the
complex mapping relationship between signal and health
status, which is very suitable for big data background.
Diagnostic and analytical needs for diversity, nonlinearity,
and high-dimensional health monitoring data. Therefore,
applying deep learning to the field of fault diagnosis has
certain timeliness, practicability and versatility.

Aiming at the problem of traditional rolling bearing fault
diagnosis, this paper proposes a fault feature extraction and
diagnosis method based on deep confidence network. The
method directly extracts fault characteristics and health
status from the original time domain signal.

2. THEORETICAL FRAMEWORK

Deep Belief Network is formed of many RBMs, it is a deep
learning model effective for sequential data processing.

2.1 Architecture of RBM

The RBM model consists of two layers: one is the input
layer, also known as the visible layer, and the other is the
output layer, also known as the hidden layer. RBM can be
expressed as a binary undirected graphical model. All
visible elements of the RBM are fully connected to the
hidden unit, and the units within the layer do not have any
connection to each other. That is, there is no connection
between visible cells or between hidden cells. The
architecture of the RBM is shown in Figure 1.
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In Figure 1, V represents the visible layer, i is the i th

visible unit, N is the hidden layer, and J is the Jth
hidden unit. Connections between these two layers are
undirected. An energy function is proposed to describe the

joint configuration (Y, h) between them, which is
expressed as

E(v,h) = —ZI:aivi —ibjhj => vhw, (1)
i=1 =1 i

Here, Vi and 1 represent the visible unit ! and hidden

unit J respectively: & and b; are their biases, 0
denotes the weight between these two units. Therefore, the
joint distribution of this pair can be obtained using the
energy function where h is the model parameter set

containing &, P and W:

1
p(v.h) = ﬁexp(—E(V, h)) (2)

Z(0)=)_> exp(-E(v,h)) )

Due to the particular connections in RBM model, it satisfies
conditional independent. Therefore, conditional probability
of this pair of layers can be written as:

p(hiv) =] p(h 1)

(4)
p(vIh)=]T p(v;Ih)
: 5)
Mathematically,
p(h; =1|v) =a(b; + > viw,)
‘ (6)
p(v; =1|h)=o(q +Zhjwij)
) (")
where o (X) is the activation function. Generally,
1
o(X) ="
1+exp(—x)

is adopted.

Hidden units

y Visible units

Fig 1: Architecture of RBM

2.2 DBN Architecture

The DBN model is a deep network architecture with
multiple hidden layers and many non-linear representations.
It is a probability generation model that can be formed by
RBM, as shown in Figure 2. It illustrates the way in which
one RBM s stacked on top of another. The DBN
architecture can be built by stacking multiple RBMs one by
one to form a deep network architecture.

As DBN has multiple hidden layers, it can learn from the
input data and extract hierarchical representation
corresponding to each hidden layer. Joint distribution

between visible layer V and the I hidden layers hk
can be calculated mathematically from conditional

k-1 k
distribution P(h™"[h7%) for the (k1) th layer
conditioned on the kth layer and visible-hidden joint

distribution P70

P(v, ... = ([ TP(H [H)P(H™, )
2 (®)

For classification tasks, fine-tuning all the parameters of
this deep architecture together is needed after the layer-wise
pre-training. It is a supervised learning process using labels
to eliminate the training error and improve the classification
accuracy.
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Fig 2: The general model of Deep Belief Network.

3. DBN FAULT FEATURE EXTRACTION
PROCESS

Firstly, the DBN model is unsupervised layer by layer, and
then the DBN model is supervised and trained using the
inverse fine-tuning algorithm. Finally, the data set to be
tested is input into the trained DBN model, and the output
vector of each hidden layer is recorded. The fault feature
extraction steps are shown in Table 1.

Table 1: DBN Feature extraction process
Step | Process content
1 Define fault diagnosis and fault types
2 Normalize the [ 0,1] of the fault signal
3 Dividing datasets into training sets and test sets
4 Initialize DBN related parameters
5
6

Training Stacking RBM with Training Sets

The test set is entered into the trained stacked
RBM model and the output vector of each
hidden layer is recorded

In order to visually see the effect of the DBN method
extracting features from the original data, it is necessary to
visualize the extracted features. Since the original data and
the feature dimensions extracted by each layer of the DBN
are relatively high and cannot be directly observed, the
PCA method is used to reduce Data dimension to make it
easier to see the feature extraction capabilities of the DBN
method.

4. ROLLING BEARING DATASET

As a key part of major mechanical equipment, the bearing's
normal working condition is directly related to the
performance of the whole equipment. Therefore, it is of
practical significance to diagnose the bearing in major
mechanical equipment. The ability to extract and diagnose
fault features from the original signal using the DBN model
was further verified by bearing fault diagnostic
experiments.

4.1 Dataset Description and Fault Type Definition

The data set used in this part of the experiment is the
bearing data set collected by the Electronic Engineering
Laboratory of Case Western Reserve University. This data
set was acquired at 4 different loads (0 to 3 hp) at a
sampling frequency of 12 kHz. This bearing test system
simulates the normal state of the bearing, the outer ring
fault, the inner ring fault and the ball fault, and each fault
type has 3 fault depths. Three data sets A, B and C were
constructed with experimental data from 0 to 2 hp under 3
loads, each containing 10 fault categories. Using the
window containing 2 048 points to divide the acquired raw
vibration signals, 50 samples can be obtained for each fault
category. Considering the actual situation, the same fault
category may correspond to multiple loads, and the data set
Ato C is combined to obtain the data set D. The statistics of
these four data sets A to D are shown in Table 2, where
Normal represents the normal state of the bearing, RF, IF,
and OF represent the ball, bearing inner and outer ring
faults, respectively, and RF13 represents different fault
depths.
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Table 2: Description of bearing fault datasets

Fault category Fault depth/mm Data Set A/B/ C Data Set D Fault category
Normal 0 600 1800 1
RF1 0.18 600 1800 2
RF2 0.36 600 1800 3
RF3 0.54 600 1800 4
IF1 0.18 600 1800 5
IF2 0.36 600 1800 6
IF3 0.54 600 1800 7
OF1 0.18 600 1800 8
OF2 0.36 600 1800 9
OF3 0.54 600 1800 10

4.2 Experimental Results

First, the original data is linearly normalized and
transformed so that its range is limited to [0,1]. The original
data mentioned later are normalized data. The DBN model
uses a classic 5-layer model with a number of nodes of
2048-1200-600-300-10. The weight of the DBN model is
initialized with a normal random distribution, and the
threshold of the DBN model is initialized to 0. The
maximum number of iterations of RBM is 100, the learning
rate is 0.1, and the momentum parameter is 0.9. Sixty
percent of each failure category sample was randomly
selected for training and the remainder was tested. Among
the four data sets Ato D, the data sets Ato C have the same
property, that is, they are collected under a single load, so

the data sets A to C are put together for analysis of the
results. Due to space limitations, this paper only gives the
visualization results of fault feature extraction of dataset A
using DBN model, as shown in Figures 3-4.

It can be seen from Figures 3 to 4 that the DBN can
perform better feature extraction on data sets with different
fault depths and fault types under a single load.
Considering the actual situation, the same fault may be
generated under different loads. Under this consideration,
data set D is constructed. Figure 5 shows the original
feature visualization result of data set D, and Figure 6
shows the use of DBN. The model visualizes the fault
feature extraction of data set D.

Fig 3: Visualization of the raw features in dataset A
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Fig 6: Features visualization of the third hidden layer in dataset D
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As can be seen from Figure 5, only two types of faults are
distinguished, and the remaining eight faults are tightly
clustered together. It can be seen from Figure 6 that after
the features are extracted layer by layer through the DBN
model, most of the faults can be directly separated, and the
10 fault categories are in an outward diverging state.
Although there will be slight overlap, the whole can be
distinguished. open. Combining the results in Figures 5 and
6, it can be clearly seen that there is less overlap in Figure 6,
and the whole is a divergent state, which is more conducive
to distinguishing by the classifier. Therefore, the DBN
model can not only extract fault features under a single

working condition, but also extract fault features under
various working conditions.

In order to evaluate the fault identification capability of the
DBN model, the faults are further identified and classified
based on the fault feature extraction. The method proposed
in this paper is compared with the traditional fault diagnosis
method, and the comparison results are shown in Table 3.
The classification accuracy of DBN in Table 3 is the result
of 10 averages, that is, 10 times of repeated operation for
each data set, and the average of the accuracy of the failure
classification is taken 10 times.

Table 3: Diagnostic results of bearing datasets

Method Data set A Data set B Dataset C | Dataset D

Wavelet leaders multifractal | 89.1

feature+SVM

SS-DPSOM 95.8

Time + MLP 95.7 99.6 99.4

PSO-WKLFDA 97.2

OAO-PSO-WKLFDA 98.8

Frequency Domain+DBN 99.9 99.6 99.7 99.6

Time Domain+DBN 100 100 100 99.4
Based on the results in Table 3, it is shown that the DBN REFERENCES

model has a large advantage in fault feature extraction and
diagnosis directly from the original data. For the data set D
which is closer to the actual situation, the DBN method also
obtains higher fault diagnosis accuracy, which fully
demonstrates that the method of fault diagnosis using the
DBN model from the original signal can adapt to complex
working conditions and accurately identify the fault
location and fault degree.

5. CONCLUSION

In this paper, a fault bearing feature extraction and
diagnosis method for rolling bearing is presented. The
method is based on the deep learning framework and
integrates fault feature extraction and classification into a
model. The effectiveness of the proposed method is verified
on the simulation dataset and bearing dataset. The results
show that: 1) The DBN model can extract fault features
layer by layer from the original time domain signal and
obtain higher diagnostic accuracy; 2) and tradition
Compared with the feature extraction method, the proposed
method still achieves higher classification accuracy than the
traditional method without relying on signal processing
technology and expert experience. 3) The method is not
limited to the periodicity of the signal, and the fault
diagnosis method is enhanced. Versatility and practicality.
Due to the time relationship, the method used in this paper
only considers the case of a single signal. In reality, for
each diagnostic system, multiple sensors will collect data
simultaneously, and how to use the deep learning method to
effectively use the multi-source heterogeneous sensor data.
Fault diagnosis of complex systems is the direction that
needs further research in the future.
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