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Abstract. When fault occurs in bearing, the frequency spectrum of vibration signal would change
and it contains a considerable amount of fault information which can reflect the actual work
condition and the fault type of bearing. Recently, the statistical features of the frequency spectrum
have been widely used in bearing fault diagnosis. However, there are lots of statistical features
with different sensitivity to fault identification. Selecting the most sensible statistical features for
improving classification accuracy is often determined with experience, which will make great
subjective influence on the fault diagnosis results. Deep belief network (DBN) is a deep neural
network which can automatically find a latent hierarchical feature representation from the high
dimension input data. In this study, a bearing fault diagnosis method based on Hilbert envelope
spectrum and DBN is proposed. Firstly, the vibration signals under different test conditions are
resampled. Secondly, the whole Hilbert envelope spectrum of the resampled signal is used directly
as eigenvector to characterize the fault type of bearing. Finally, a DBN classifier model is
established to recognize the fault type of bearing. DBN classifier model can be used as both an
automatic feature extractor and a classifier for bearing fault diagnosis. Therefore, the process of
fault diagnosis can be greatly simplified. The results of two different experiments demonstrate
that the proposed method outperforms the competing methods and it can obtain a more excellent
diagnostic performance.

Keywords: bearing fault diagnosis, statistical feature, Hilbert envelope spectrum, deep belief
network.

1. Introduction

As an important component, bearing is widely used in rotating machinery. The condition of
bearing influences the reliability of rotating machinery greatly. Statistics has shown that the
majority of problems in rotating machinery arise from the faulty bearings [1, 2]. When fault occurs
in bearing, it may lead to fatal breakdown and serious damage. Therefore, it is of great importance
to accurately detect and diagnose the fault type of bearing.

Generally speaking, there are two main kinds of bearing fault diagnosis methods: signal
processing-based fault diagnosis method and artificial intelligence-based fault diagnosis method.
Signal processing-based fault diagnosis method is an effective and powerful tool in bearing fault
diagnosis, but it requires considerable expertise to judge the fault type of bearing. Recently,
artificial intelligence-based fault diagnosis method has received increasing attention because it
doesn’t need so much expertise and could achieve a high degree of accuracy.

Artificial intelligence-based fault diagnosis method usually contains two steps: feature
extraction and fault pattern recognition. Many feature extraction methods have been proposed,
such as sparse representation [3], wavelet transform [4], wavelet leaders multi-fractal [5],
empirical mode decomposition (EMD) [6, 7], morphological analysis [8], singular value
decomposition (SVD) [9] and so on. When fault occurs in bearing, the frequency spectrum of
vibration signal would change and it contains a considerable amount of fault information which
can reflect the actual work condition and the fault type of bearing. Recently, the statistical features
of the frequency spectrum have received increasing attention. Zhu et al. [10] used the statistical
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features of the raw vibration signal, the frequency-domain and the Hilbert envelope spectrum for
bearing performance assessment. Liu et al. [11] applied EMD to vibration signals and extracted
some statistical features from several intrinsic mode functions (IMFs) both in time and frequency
domain for bearing fault diagnosis. There are lots of statistical features with different sensitivity
to fault identification. Due to excessive irrelevant statistical features extracted from the frequency
spectrum, PCA [12], decision tree [13], distance evaluation technique (DET) [14-15] and many
other feature selection methods are used to get the most sensitive features for further improving
the fault diagnosis accuracy. Selecting the most sensible statistical features of frequency spectrum
is often determined with experience, which will make great subjective influence on the fault
diagnosis results. To tackle this problem, the Hilbert envelope spectrum of the vibration signal is
used directly to construct the feature vector of bearing in this study.

Pattern recognition is another crucial step of Artificial intelligence-based fault diagnosis
method. Artificial neural networks (ANN) [16] and support vector machine (SVM) [17] are the
most widely used classifiers. But these traditional classifiers are shallow architectures which have
some drawbacks including local optimal solution, slow convergence and time-consuming. The
dimension of the feature vector based on Hilbert envelope spectrum is usually very high, the
shallow architectures are not suitable to deal with the high dimension input data. Deep belief
network (DBN) is a deep neural network and it simulates the human brain to recognize objects
through different layers’ features. In recent years, DBN have been successfully used in digit
recognition [18], acoustic representation [19], time series forecasting [20], soft sensor modeling
[21], compressor valves fault diagnosis [22]. However, the implementation of DBN in bearing
fault diagnosis is still uncommon.

In this study, a new bearing fault diagnosis method based on Hilbert envelope spectrum and
DBN is proposed. The schematic diagram of bearing fault diagnosis is shown in Fig. 1. The
vibration signal under different test condition is firstly resampled at the frequency m times the
rotating frequency of bearing. Then, the Hilbert envelope spectrum of the resampled signal is used
to construct the feature vector. Finally, a DBN classifier model is established to recognize the
bearing fault types.

Data acquisition ’ Diagnosis results
T f
Data preprocessing
(resample)

I-‘culurc- extraction based | .t
on Hilbert envelope
spectrum

Trained DBN
classifier model

Train

Training DBN
classifier model

S Good
Fig. 1. The flowchart of bearing fault diagnosis

The rest of this paper is organized as follows: Section 2 gives a brief description of the feature
extraction method based on Hilbert envelope spectrum. In Section 3, the basic components of
DBN including restricted Boltzmann machine (RBM) and Gaussian restricted Boltzmann machine
(Gaussian RBM) are introduced, and a DBN classifier model is established for bearing fault
diagnosis. In Section 4, the effectiveness of the proposed method is demonstrated with two
different experiments. Finally, conclusions are drawn in Section 5.
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2. Feature extraction method based on Hilbert envelope spectrum

When fault occurs in bearing, the vibration signal would change. Additionally, the Hilbert
envelope spectrum and its distribution may have some variations. For the vibration signal x, its
Hilbert transform is:

HIx) = | A )

t—1

The Hilbert envelope spectrum can be given as:

h(f) = % J mx/xz F H2[x]e 2 gt @)

The Hilbert envelope spectrum of vibration signal contains a considerable amount of fault
information which can reflect the actual work condition and the fault pattern of bearing. Many
researches have demonstrated that the statistical features of the Hilbert envelope spectrum can be
used for bearing assessment [10]. There are lots of statistical features with different sensitivity to
fault identification, selecting the most sensitive features needs considerable expertise. To tackle
this problem, the Hilbert envelope spectrum of the vibration signal is used directly to construct
the feature vector. Because the feature vector is influenced greatly by the speed, to make the
feature vector more robust, here we propose a new features extraction method and the main steps
can be described as follows:

Step 1, resample the vibration signal x with the sample frequency mfi Hz. Here fy is the
rotating frequency of bearing and m is a real number. By resampling, we can get m sample points
every revolution of bearing. Therefore, the influence of different speeds can be reduced. In the
resampling process, an anti-aliasing (low-pass) FIR filter is applied to compensate for the signal
delay.

Step 2, calculate the Hilbert envelope spectrum h(f) of the resampled signal x'. The length of
x' is chosen as N in this study.

Step 3, construct the feature vector T by the Hilbert envelope spectrum h(f) directly:

T = [h(f1), h(f2), .., h(fi)], 3)

where h(f}) is the Hilbert envelope spectrum for k = 1,..., K. K is the number of the Hilbert
envelope spectrum lines and it is usually equal to N /2.
Step 4, repeat Step 1-3 and get the feature vectors of all vibration signals.

3. DBN classifier model

The dimension of the feature vector based on Hilbert envelope spectrum is usually very high
and there is a ‘curse of dimensionality’ problem when using the traditional classifiers. To deal
with the high dimension input data, a DBN classifier model is established in Section 3. The DBN
classifier model can be used as both an automatic feature extractor and a classifier for bearing
fault diagnosis. Therefore, the process of bearing fault diagnosis can be greatly simplified. In
Section 3.1, the basic components of DBN including RBM (restricted Boltzmann machines) and
Gaussian RBM are introduced. In Section 3.2, a DBN classifier model is established and its
training process is described briefly.

3.1. RBM and Gaussian RBM

As the basic component of DBN, RBM has attracted increasing attention for its ability to

© JVE INTERNATIONAL LTD. JOURNAL OF VIBROENGINEERING. MAY 2015, VOLUME 17, IsSUE 3. ISSN 1392-8716 1297



1593. BEARING FAULT DIAGNOSIS METHOD BASED ON HILBERT ENVELOPE SPECTRUM AND DEEP BELIEF NETWORK.
XINGQING WANG, YANFENG LI, TING Rui, HUUIE ZHU, JIANCHAO FEI

provide a closed-form representation of the distribution underlying the high dimension data. RBM
can be viewed as non-linear feature detectors [23]. As shown in Fig. 2, RBM is a bipartite
undirected graphical model that consists of a visible layer v and a hidden layer h. For the two
layers in RBM, all visible units are connected to all hidden units, and there are no connections
between any two units within the same layer. In RBM, all the units in the visible layer and hidden
layer are binary stochastic units. The architecture of Gaussian RBM is the same as that of RBM,
but its visible units are linear units with independent Gaussian noise. Compared with RBM,
Gaussian RBM is much more convenient for modeling real-valued data [24].

Fig. 2. The architecture of RBM (Gaussian RBM)

RBM is an energy-based stochastic neural network and the energy function of the visible layer
v and the hidden layer h is defined as:

E(v,h) = — Ziaivi - Zjbjhj - Zijvihjwij: “4)

where v; and h; are the binary state of visible unit i and hidden unit j, w;; is the weight between
them, a; and b; are the biases.

The joint distribution over the visible layer v and the hidden layer h is based on energy
function and it can be formulated as:

p(v,h) = %exp(—E(v, h)), 5)

where Z = Y., exp(—E (v, h)) is the normalizing factor.
Therefore, the probability that RBM assigns to the visible layer v is:

PO =7 exp(-Ew W) ©

Because there are no connections in the same layer of RBM, the conditional probability p (h|v)
and p(v]h) can be given by:

p(hj 1|v) = a(bj + Ziviwij), @)

J

where a(x) = 1/(1 + exp(—x)) is a sigmoid function.

The training process of RBM is based on stochastic gradient descent and it can be realized by
maximizing p(v) which is the probability of the model simply on the training data. The gradient
of the negative log probability of the visible layer v with respect to the model parameters
6= {Wi j» i, b]-} can be obtained from:

dp(v)
awij = (Uihj)data - <vihj)model, (9)

p(v;
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d

Zc(l‘:) = (vi)data - (vi)modelx (10)
dp(v)

db, = (hj)aata — (M) moder (an

where (*)4q:4 denotes the expectation with respect to the training data’s distribution, {*);0qe:
denotes the expectation with respect to the distribution defined by the model.
According to Eq. (9)-(11), the update rule of the parameters is given as:

Aw;j = e((vih))aata — Vil moder), (12)
Ag; = ‘9(<vi)data - (W)model): (13)
Abj = 3(<hj>daca - (hj>model)t (14)

where ¢ is the learning rate.

It is very easy to get the unbiased sample of (-);,:,. However, the unbiased sample of {*),04e1
is intractable to compute. In many applications, a fast learning procedure based on contrastive
divergence (CD) is used [24]. It starts by setting the states of the visible units to a training data.
Then the binary states of the hidden units are all computed in parallel using Eq. (7). Once the
binary states have been chosen for the hidden units, a “reconstruction” is produced by setting each
v; to 1 with a probability given by Eq. (8). The change of the parameters is given by:

AWij = g((”ihj>data - <vihj>recon)t (15)
Aa; = e({vi)aata — (Vidrecon)s (16)
Abj = 8(<hj>data - <hj>recon)' (17)

It is possible to update the parameters after estimating the gradient on a single training set. But
it is often more efficient to divide the training set into small “mini-batches” of several cases. To
avoid having to change the learning rate when the size of a mini-batch is changed, it is helpful to
divide the total gradient computed on a mini-batch by the size of the mini-batch [24].

Gaussian RBM’s visible units are linear units with independent Gaussian noise, so its energy
function is different from that of RBM:

z : (v — a))? 2 : 2 Vi
h) = — _ b.h: — “hw,;, 18
E i 20 i o Y {19

where o; is standard deviation of the visible unit v;.
The probability that Gaussian RBM assigns to the visible layer v is given as follows:

p(v,h) = %exp(—E(v, h)), (19)

where Z = [ Y exp(—E (v, h)).
For Gaussian RBM, the conditional probability can be expressed as:

L
2
1 (x—ai—O'iZjthij)
v; =x|h) = ex ,
p( i | ) o_im p( Zo_iz

where x is a real number.
The training process of Gaussian RBM is similar to RBM and it is also based on stochastic

@n
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gradient descent. In practical use, the input data of Gaussian RBM is commonly normalized to
have zero mean and unit variance by a linear transformation [21]. This makes more simplicity of
the model implementation.

3.2. DBN classifier model and its training process

As shown in Fig. 3, DBN is formed by a series of RBMs which are stacked layer by layer.
DBN with L hidden layers can be trained in an unsupervised way with the greedy layer-wise
procedure, in which each added layer is trained as an RBM by contrastive divergence algorithm.
The training process of DBN can be described as follows:

Step 1, initialize all the parameters of DBN stochastically.

Step 2, use the input data to train the bottom RBM by contrastive divergence algorithm.

Step 3, use the output of the low-level RBM as the input data to train the high-level RBM.

Step 4, repeat Step 3 until all the RBMs are trained.

The special architecture and training process make DBN have the ability to retrieve features
directly from the input data. The extracted features are more suitable for classification than the
input data. In this study, Gaussian RBM is used as the bottom RBM for its better ability to model
the real-valued input data than RBM.

After unsupervised training process, the parameters {W;,a; b;} (I = 1,..., L) of the
pre-trained DBN can be obtained. By adding an extra layer o of variables that represent the labels
of the training data, we can get a DBN classifier model. The training process of the DBN classifier
model is also shown in Fig. 3. The weights of the DBN classifier model are set the same as {W;, b;}
(I =1,..., L) except the top layer. The weights {W,,,,b; .} between the hidden layer h; and the
top layer o are initialized stochastically. Then, the training data with labels are used to train the
DBN classifier model by back-propagation algorithm in a supervised way.

(= )
~ _ frasa
Q o) L )

/ /
ket D omasy wew 1o
(om0 m )
RBM —» RBM
| I ) hy )
o i) amt | (s
> C )
DBN DBN classifier model s \
Fig. 3. The DBN classifier model and its training Fig. 4. The bearing test stand
process

4. Experimental verification of the proposed bearing fault diagnosis method

In order to verify the proposed fault diagnosis method, the bearing vibration data collected
from two different experiments are analyzed in this section. In the first experiment, the bearing
vibration data is obtained from the Case Western Reserve University Bearing Data Center [25].
The test bearings are installed in an induction motor. Each bearing with only a single fault is tested
under four different loads. In the second experiment, the test bearings are installed in a hydraulic
piston pumps. The test bearings have different fault types including both signal faults and multiple
faults. All the bearings are tested under two different loads. Details about the two experiments will
be described in the following section.

1300  ©JVE INTERNATIONAL LTD. JOURNAL OF VIBROENGINEERING. MAY 2015, VOLUME 17, ISSUE 3. ISSN 1392-8716



1593. BEARING FAULT DIAGNOSIS METHOD BASED ON HILBERT ENVELOPE SPECTRUM AND DEEP BELIEF NETWORK.
XINGQING WANG, YANFENG LI, TING Rui, HUUIE ZHU, JIANCHAO FEI

4.1. Experiment 1: Bearing fault diagnosis for induction motor
4.1.1. Experiment introduction

The bearing vibration data obtained from the Case Western Reserve University Bearing Data
Center is collected from the bearing test stand as shown in Fig. 4. The test stand consists of a 2 hp
(1 hp = 0.735 kW) induction motor, a torque transducer, accelerometers, a dynamometer and so
on. The type of the bearing used in the experiment is 6205 SKF. Single faults with fault diameters
of 0.18 mm, 0.36 mm, 0.53 mm respectively are introduced to the driving end bearings using the
electric discharge machining method. The bearings with different fault diameters are tested under
0, 1, 2 and 3 hp loads. The speeds of the motor under different loads are 1797, 1772, 1750,
1730 rpm, respectively. An accelerometer is mounted on the motor housing at the drive end of the
motor to acquire the vibration signals from the test bearing. Vibration signals are collected by a
data recorder with the sample frequency of 12 kHz.

4.1.2. Feature extraction

The normal bearing and nine other fault bearings with the fault diameter of 0.18 mm, 0.36 mm,
0.53 mm are used in this study. All the bearings are tested under four different loads. Each
vibration signal x is a time-series with 2400-point window block, and there is no overlap between
any two vibration signals.

In the experiment, the speeds of bearing would change under different loads. The rotating
frequencies fz1, fr2, fr3> fra are 29.95, 29.53, 29.17, 28.83 Hz, respectively. According to the
feature extraction method described in Section 2, the vibration signal x is resampled at the
frequency which is m times the rotating frequency fg; (i =1, 2, 3, 4) Hz. Then, the first N points
of the resampled signal are used to calculate the Hilbert envelope spectrum. After that, the Hilbert
envelope spectrum is used directly to construct the feature vector. In this experiment, the
parameters m, N are chosen as 400 and 2000, respectively. Therefore, the dimension of the feature
vector is 1000. Take the normal bearing and three bearings with the fault diameter of 0.18 mm for
example, the feature vectors under four different loads are shown in Fig. 5. From these figures, it
is easy to see that, the feature vectors of the same fault type are close to each other, while the
feature vectors of different fault types can be clearly distinguished. Fig. 5 also demonstrates that
the feature vectors are robust and insensible to different speeds and loads.

4.1.3. Classification performance of the proposed method

Select 40 samples (feature vectors) for ten different bearings under four different loads and we
can get a bearing data set including 800 samples. 400 samples are randomly selected for training
the DBN classifier model and the rest 400 samples are used for testing. The detailed description
of the bearing data set in Experiment 1 is shown in Table 1.

A DBN classifier model with two hidden layers is used for bearing fault diagnosis. For the
DBN classifier model, the two hidden layers have the same number of hidden units. The size of
the mini-batch is set to 10, which is equal to the number of bearing categories. The learning rate
e is fixed at 0.0001 as suggested by Hinton. The max epoch for the RBM (or Gaussian RBM)
training process and the back-propagation learning process are chosen as 50 and 100, respectively.
To account for the stochastic nature of the DBN classifier model, the classification process is
repeated for 10 times and the results are averaged.

Table 2 lists the classification results acquired by the DBN classifier models with different
number of hidden units. The number of hidden units ranges from 10 to 100. From the results in
Table 2, it can be seen that all the training accuracies are 100 % except for the DBN classifier
model with 10 hidden units (95.13 %). The testing accuracy of the DBN classifier model with 10
hidden units is 92.98 %. For the DBN classifier models which have no less than 20 hidden units,
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the testing accuracies range from 98.7 % to 99.55 %. The DBN classifier model with 10 hidden
units doesn’t perform as well as the other DBN classifier models. The main reason is that the DBN
classifier model has too less hidden units and it can’t effectively learn the high complexity
non-linear relationships between the input data (feature vector) and the bearing fault types. The
results in Table 2 demonstrate that the proposed method is robust and can achieve a high degree
of classification accuracy for bearing fault diagnosis.
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Fig. 5. The feature vectors of bearings with single faults (fault diameter: 0.18 mm) in Experiment 1

In this study, to demonstrate the superiority of the proposed method, three other traditional
classifiers including K-nearest neighbors (KNN), support vector machine (SVM), extreme
learning machine (ELM) are used for comparison experiment. For SVM, the kernel function is
selected as Gaussian function. For ELM, the number of the hidden units is set to 1000. For KNN,
the number of neighbors is set to 10 and the Euclidean distance is used. Fig. 6 shows the results
of these classifiers. From the results in Fig. 6, it can be realized that the proposed method
outperforms the other three traditional methods.
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Table 1. The description of the bearing data set in Experiment 1

Fault type | Fault diameter (mm) | Training samples | Testing samples | Classification label
Normal 0 40 40 1
Inner race 0.18 40 40 2
Outer race 0.18 40 40 3
Ball 0.18 40 40 4
Inner race 0.36 40 40 5
Outer race 0.36 40 40 6
Ball 0.36 40 40 7
Inner race 0.53 40 40 8
Outer race 0.53 40 40 9
Ball 0.53 40 40 10

Table 2. The classification results of the DBN classifier model in Experiment 1

Number of hidden units | Training accuracy (%) | Testing accuracy (%)
10 95.13 92.98
20 100 98.7
30 100 99.2
40 100 99.28
50 100 99.53
60 100 99.33
70 100 99.48
80 100 99.38
90 100 99.5
100 100 99.55
100
95| 1
§ 90 q
g ss| .
E 80 1
E T51 q
651 1
60
SVM ELM KNN Pronosed method - -
Fig. 6. The classification results obtained by different  Fig. 7. The hydraulic piston pump experiment
classifier models in Experiment 1 system

4.1.4. Performance comparison of the proposed method and other published ones

The bearing vibration data obtained from the Case Western Reserve University Bearing Data
Center has been wildly used to verify the performance of different bearing fault diagnosis
algorithms [5, 26, 27]. Many researchers have proposed various feature extraction methods and
classification algorithms. Hu et al. [26] combined the improved wavelet package energy features
and SVMs ensemble (IWPE-SVME) for bearing fault diagnosis, although both feature selection
technology and SVMs ensemble are used in [26], the classification accuracy of IWPE-SVME
ranges from 97 % to 99 %, and it is inferior to that of the proposed fault diagnosis method
(HES-DBN). In reference [5], the multi-fractal feature and wavelet package energy feature based
SVMs (MF-SVMs) are proposed for bearing fault diagnosis and the classification accuracy for ten
different bearing fault types under lhp load is only 88.9 %. In reference [27], the classification
accuracy of the frequency-domain feature based ANFIS (F-ANFIS) for ten different bearing fault
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types is only about 87.8 %. Both the results of MF-SVMs and F-ANFIS are inferior to that of the
proposed H-DBN method. Table 3 gives the performance comparison of these aforementioned
methods. For the proposed method in this paper, the fault diagnosis process is simple and robust.
Besides, it can obtain a more excellent diagnostic performance.

Table 3. The performance comparison of different bearing fault diagnosis methods

Reference Method  |Number of bearing fault types|Number of loads|Classification accuracy (%)
Hu et al.[26] [IWPE-SVME 7 4 97-99
Duetal. [5] | MF-SVMs 10 1 88.9
Leietal. [27]] F-ANFIS 10 4 87.7
This paper HES-DBN 10 4 99.55

4.2. Experiment 2: Bearing fault diagnosis for hydraulic piston pump
4.2.1. Experiment introduction

As an important component of the hydraulic piston pump, bearing supports the cylinder block
and controls its movement in axial and radial directions. Due to harsh working environment and
heavy working loads, single faults and multiple faults often occur in bearing, resulting in abnormal
vibration in radial direction [28]. Due to the complicated structure-borne vibration and fluid-borne
vibration of hydraulic piston pump, the abnormal vibration in radial direction caused by fault
bearing is usually very weak. It is very difficult to extract the fault feature (character frequency)
of the fault bearing with conventional signal processing method.

To further verify the proposed fault diagnosis method, the vibration data is collected from the
hydraulic piston pump (type: 25MCY 14-1B) of a hydraulic system as shown in Fig. 7. The type
of the test bearing installed in the hydraulic piston pump is RUN1017. Four bearings including
normal bearing, inner race fault bearing, rolling element fault bearing and multiple faults bearing
(inner race fault and rolling element fault) are tested in the experiment. All the bearings are tested
under two different loads: 5 MPa and 6 MPa. The speeds of the bearings under two different loads
are 896 and 885 rpm, respectively. An accelerometer (type: CA-YD107) is mounted on the pump
casing nearing the bearing in radial direction. Vibration signals that last 1 s are collected by a data
acquisition system with the sample frequency of 4 kHz.

4.2.2. Feature extraction

Four different bearings of the hydraulic piston pump are tested under two different loads. In
the experiment, the speeds of the hydraulic piston pump would change under different loads and
the rotating frequencies fg1, fr2 are 19.33 and 14.75 Hz, respectively. The vibration signal x that
lasts 1 s is a time-series with 4000 points. According to the feature extraction method described
in Section 2, the vibration signal x is resampled at the frequency which is m times the rotating
frequency fg; (i =1, 2) Hz. Then, the first N points of the resampled signal are used to calculate
the Hilbert envelope spectrum. After that, the Hilbert envelope spectrum is used directly to
construct the feature vector. In Experiment 2, the parameters m, N are chosen as 270 and 2000,
respectively. Therefore, the dimension of the feature vector is 1000. The feature vectors of four
bearings under two different loads are shown in Fig. 8. Although the loads and speeds are different,
the feature vectors of the same fault type are close to each other. The feature vectors of different
fault types can be clearly distinguished.

4.2.3. Classification performance of the proposed method

Select 100 samples (feature vectors) for the four different bearings under two different loads
and we can get a bearing data set consists of 400 samples. 200 samples are randomly selected for
training the DBN classifier model and the rest 200 samples are used for testing. The detailed
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description of the bearing data set is shown in Table 4.

Similarly, a DBN classifier model two hidden layers is also used in Experiment 2. All the
parameters of the DBN classifier model are the same as that used in Experiment 1, except for the
size of the mini-batch which is set to 4. The classification process is repeated for 10 times and the
results are averaged. Table 5 lists the classification results acquired by the DBN classifier models
with different number of hidden units ranging from 10 to 100.
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element fault)
Fig. 8. The feature vectors of different bearings in Experiment 2

With the increase in the number of hidden units, the DBN classifier model can learn the high
complexity non-linear relationships between the input data and the bearing fault types more
effectively. In general, the training accuracies and testing accuracies increase if the DBN classifier
model has more hidden units. The results in Table 5 demonstrate that the proposed method achieve
a high degree of classification accuracy for bearing fault diagnosis. Three classifiers including
KNN, SVM, ELM are used for comparison experiment. The parameters of these classifiers are the
same as that used in Experiment 1. The results of these classifiers in Fig. 9 verify the superior
performance of the proposed method.

Table 4. The description of the bearing data set in Experiment 2

Fault type Training samples | Testing samples | Classification label
Normal 50 50 1
Inner race 50 50 2
Rolling element 50 50 3
Multiple faults 50 50 4
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Table 5. The classification results of the DBN classifier model in experiment 2

Number of hidden units | Training accuracy (%) | Testing accuracy (%)
10 90.07 85.45
20 96.85 90.26
30 98.14 91.73
40 98.56 94.01
50 100 95.70
60 100 96.22
70 100 95.95
30 100 96.37
90 100 97.09
100 100 97.35

100

95

90

85

80+

5r

Classification accuracy [%]

701

65

60
SVM ELM KNN Proposed method

Fig. 9. The classification results obtained by different classifier models in experiment 2

5. Conclusions

In this study, a new bearing fault diagnosis method based on Hilbert envelope spectrum and
deep belief network is presented. The results in two different experiments fully demonstrate the
superior performance of the proposed fault diagnosis method. From the experimental results, it
can be concluded as follows:

1) When fault occurs in bearing, the Hilbert envelope spectrum of vibration signal would
change and it contains a considerable amount of fault information which can reflect the actual
work condition and the fault type of bearing. The Hilbert envelope spectrum of vibration signal
can be directly used as eigenvector to express the failure feature of bearing. To reduce the
influence of different test conditions on the Hilbert envelope spectrum and make the feature vector
more robust, all the vibration signals are firstly resampled in this study. The proposed feature
extraction method can avoid complex feature extraction and feature selection.

2) The DBN classifier model is very efficient to learn the high complexity non-linear
relationships between high dimension input data (the Hilbert envelope spectrum) and the bearing
fault types. The DBN classifier model can be used as both an automatic feature extractor and a
classifier for bearing fault diagnosis. Therefore, the bearing fault diagnosis process can be greatly
simplified in this study. The DBN classifier model outperforms the traditional classifier such as
KNN, SVM and ELM. In sum, the proposed bearing fault diagnosis method based on Hilbert
envelope spectrum and deep belief network is not very complex and it can obtain a more excellent
diagnostic performance.

References
[1] Li X., Zheng A. N., Zhang X., Li C. C., Zhang L. Rolling element bearing fault detection using

support vector machine with improved ant colony optimization. Measurement, Vol. 46, Issue 8, 2013,
p. 2726-2734.

1306  ©JVE INTERNATIONAL LTD. JOURNAL OF VIBROENGINEERING. MAY 2015, VOLUME 17, ISSUE 3. ISSN 1392-8716



2]

13]

[4]

[5]
[6]

(7]

8]

191

[10]

[11]

[12]

(13]

[14]

[15]

[16]

[17]

(18]
[19]
[20]
[21]

[22]

1593. BEARING FAULT DIAGNOSIS METHOD BASED ON HILBERT ENVELOPE SPECTRUM AND DEEP BELIEF NETWORK.
XINGQING WANG, YANFENG LI, TING Rui, HUUIE ZHU, JIANCHAO FEI

Zhang P., Du Y., Habetler T. G., Lu B. A survey of condition monitoring and protection methods
for medium voltage induction motors. IEEE Transactions on Industry Application, Vol. 47, Issue 2,
2011, p. 34-46.

Zhu H. J., Wang X. Q., Zhao Y. Sparse representation based on adaptive multi scale features for
robust machinery fault diagnosis. Proceedings of the Institution of Mechanical Engineers, Part C:
Journal of Mechanical Engineering Science, 2014.

Feng Z. P., Liang M., Chu F. L. Recent advances in time-frequency analysis methods for machinery
fault diagnosis: a review with application examples. Mechanical Systems and Signal Processing,
Vol. 38, Issue 1, 2013, p. 401-421.

Du W. L., Tao J. F., Li Y.M., Liu C. L. Wavelet leaders multi-fractal features based fault diagnosis
of rotating mechanism. Mechanical Systems and Signal Processing, Vol. 43, Issue 1-2, 2014, p. 57-75.
Yu D. J., Cheng J. S., Yang Y. Application of EMD method and Hilbert spectrum to the fault
diagnosis of roller bearings. Mechanical Systems and Signal Processing, Vol. 19, Issue 2, 2005,
p. 259-270.

Lei Y. G., Lin J., He Z. J., Zuo M. J. A review on empirical mode decomposition in fault diagnosis
of rotating machinery. Mechanical Systems and Signal Processing, Vol. 35, Issue 1-2, 2013,
p. 108-126.

Dong Y. B., Liao M. F., Zhang X. L., Wang F. Z. Faults diagnosis of rolling element bearings based
on modified morphological method. Mechanical Systems and Signal Processing, Vol. 25, Issue 4,
2011, p. 1276-1286.

Jiang H. M., Chen J., Dong G. M., Liu T., Chen G. Study on Hankel matrix-based SVD and its
application in rolling element bearing fault diagnosis. Mechanical Systems and Signal Processing,
Vols. 52-53, 2015, p. 338-359.

Zhu X. R., Zhang Y. Y., Zhu Y. S. Bearing performance degradation assessment based on the rough
support vector data description. Mechanical Systems and Signal Processing, Vol. 34, Issue 4, 2013,
p-203-217.

Liu Z. W., Cao H. R,, Chen X. F., He Z. J., Shen Z. J. Multi-fault classification based on wavelet
SVM with PSO algorithm to analyze vibration signals from rolling element bearings. Neurocomputing,
Vol. 99, Issue 1, 2013, p. 399-410.

Sun W., Chen J., Li J. Decision tree and PCA-based fault diagnosis of rotating machinery.
Mechanical Systems and Signal Processing, Vol. 21, Issue 3, 2007, p. 1300-1317.

Saimurugan M., Ramachandran K. I., Sugumaran V., Sakthivel N. R. Multi component fault
diagnosis of rotational mechanical system based on decision tree and support vector machine. Expert
Systems with Applications, Vol. 38, Issue 4, 2011, p. 3819-3926.

Lei Y. G, He Z. J., Zi Y. Y., Chen X. F. New clustering algorithm-based fault diagnosis using
compensation distance evaluation technique. Mechanical Systems and Signal Processing, Vol. 22,
Issue 2, 2008, p. 419-435.

Xu Z. B., Xuan J. P., Shi T. L., Wu B., Hu Y. M. A novel fault diagnosis method of bearing based
on improved fuzzy ARTMAP and modified distance discriminant technique. Expert Systems with
Applications, Vol. 36, Issue 9, 2009, p. 11801-11807.

Samanta B., Al-Balushi K. R. Artificial neural network based fault diagnostics of rolling element
bearing using time domain features. Mechanical Systems and Signal Processing, Vol. 17, Issue 2,
2003, p. 317-328.

Gryllias K. C., Antoniadis I. A. A support vector machine approach based on physical model training
for rolling element bearing fault detection in industrial environments. Engineering Application and
Artificial Intelligent, Vol. 25, Issue 2, 2012, p. 326-344.

Hinton G. E., Salakhutdinov R. R. Reducing the dimensionality of data with neural networks.
Science, Vol. 313, Issue 5786, 2006, p. 504-507.

Bengio Y. Learning deep architectures for Al. Foundations and Trends in Machine Learning, Vol. 21,
Issue 6, 2009, p. 1601-1621.

Kuremoto K., Kimura S., Kobayashi K., Obayashi M. Time series forecasting using a deep belief
network with restricted Boltzmann machines. Neurocomputing, Vol. 137, Issue 5, 2014, p. 47-56.
Shang C., Yang F., Huang D. X., Lyu W. X. Data-driven soft sensor development based on deep
learning technique. Journal of Process Control, Vol. 24, Issue 2, 2014, p. 223-233.

Tran V. T., AlIThobiani F., Ball A. An approach to fault diagnosis of reciprocating compressor valves
using Teager—Kaiser energy operator and deep belief networks. Expert Systems with Application,
Vol. 41, Issue 9, 2014, p. 4113-4122.

© JVE INTERNATIONAL LTD. JOURNAL OF VIBROENGINEERING. MAY 2015, VOLUME 17, IssUE 3. ISSN 1392-8716 1307



[23]
[24]
[25]

[26]

[27]

[28]

1308

1593. BEARING FAULT DIAGNOSIS METHOD BASED ON HILBERT ENVELOPE SPECTRUM AND DEEP BELIEF NETWORK.
XINGQING WANG, YANFENG LI, TING Rul, HUDIE ZHU, JIANCHAO FEIL

Fisher A., Igel C. Training restricted Boltzmann machines: an introduction. Pattern Recognition,
Vol. 47, Issue 1, 2014, p. 25-39.

Hinton G. E. A practical guide to training restricted Boltzmann machines. Momentum, Vol. 9, Issue 1,
2010, p. 1-21.

Loparo K. A. Bearing data set. Case Western Reserve University Bearing Data Center.
http://www.eecs.case.edu/laboratory/bearing/download.htm.

Hu Q., He Z. J., Zhang Z. S., Zi Y. Y. Fault diagnosis of rotating machinery based on improved
wavelet package transform and SVMs ensemble. Mechanical Systems and Signal Processing, Vol. 21,
Issue 2, 2007, p. 688-705.

Lei Y. G.,He Z.J.,Zi Y. Y., Hu Q. Fault diagnosis of rotating machinery based on multiple ANFIS
combination with GAs. Mechanical Systems and Signal Processing, Vol. 21, Issue5, 2007,
p. 2280-2294.

Du J., Wang S. P., Zhang H. Y. Layered clustering multi-fault diagnosis for hydraulic piston pump.
Mechanical Systems and Signal Processing, Vol. 36, Issue 2, 2013, p. 487-504.

Xinqing Wang received Ph.D. degree in Mechanical Engineering from Tianjin University,
Tianjin City, China, in 1998. Now he works as a Professor at PLA University of Science
and Technology, China. His current research interests include mechanical-electronic
engineering, fault diagnosis and signal processing.

Yanfeng Li received his Master degree in Mechanical Engineering from PLA University
of Science and Technology, Nanjing City, China, in 2012. Now he is a Ph.D. candidate.
His current research interests include deep learning and mechanical system fault diagnosis.

Ting Rui received Ph.D. degree in Mechanical Engineering from Nanjing University of
Aeronautics and Astronautics, Nanjing City, China, in 2001. Now he works as a Professor
at PLA University of Science and Technology, China. His current research interests
include computer vision, machine learning, multimedia, and video surveillance.

Huijie Zhu received his bachelor degree in Automobile Service Engineering from Wuhan
University of Science and Technology, Wuhan City, China, in 2009. Now he is a Ph.D.
candidate at PLA University of Science and Technology, Nanjing City, China. His current
research interests include signal processing, machine learning and machinery fault
diagnosis.

Jianchao Fei received his bachelor degree in Mechanical Engineering from Hebei
University, Baoding City, China, in 2013. Now he is a Master candidate. His current
research interests include computer vision, machine learning, multimedia, and video
surveillance.

© JVE INTERNATIONAL LTD. JOURNAL OF VIBROENGINEERING. MAY 2015, VOLUME 17, ISSUE 3. ISSN 1392-8716




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.5
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize false
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 600
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 600
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages true
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth 8
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages false
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [4000 4000]
  /PageSize [612.000 792.000]
>> setpagedevice


