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Abstract: Roller bearings are the most widely used and easily damaged mechanical parts in rotating
machinery. Their running state directly affects rotating machinery performance. Empirical mode
decomposition (EMD) easily occurs illusive component and mode mixing problem. From the view of
feature extraction, a new feature extraction method based on integrating ensemble empirical mode
decomposition (EEMD), the correlation coefficient method, and Hilbert transform is proposed to
extract fault features and identify fault states for motor bearings in this paper. In the proposed feature
extraction method, the EEMD is used to decompose the vibration signal into a series of intrinsic
mode functions (IMFs) with different frequency components. Then the correlation coefficient method
is used to select the IMF components with the largest correlation coefficient, which are carried out
with the Hilbert transform. The obtained corresponding envelope spectra are analyzed to extract the
fault feature frequency and identify the fault state by comparing with the theoretical value. Finally,
the fault signal transmission performance of vibration signals of the bearing inner ring and outer ring
at the drive end and fan end are deeply studied. The experimental results show that the proposed
feature extraction method can effectively eliminate the influence of the mode mixing and extract the
fault feature frequency, and the energy of the vibration signal in the bearing outer ring at the fan end
is lost during the transmission of the vibration signal. It is an effective method to extract the fault
feature of the bearing from the noise with interference.

Keywords: rolling bearing; feature extraction; EEMD; optimal mode selection; Hilbert transform;
transmission analysis

1. Introduction

Roller bearings are important components of rotating machinery. They are widely used in
mechanical equipment. However, the bearing is one of the easily damaged mechanical parts in rotating
machinery. Its running state directly affects the machinery performance. It was reported that bearing
faults accommodate 45%-55% of motor failures [1,2]. Thus, the diagnosis of bearing faults plays a
key role in the reliable operation of motors. Vibration analysis is one of the main methods in bearing
monitoring and fault diagnosis. In general, when the bearing has broken down, the components
induce impulses that can be detected in the acquired vibration signal. The fault vibration signals are
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non-stationary and nonlinear signals. Thus, the fault feature extraction of the bearing from nonlinear
and non-stationary signals is a key step of fault diagnosis.

In recent years, a variety of fault diagnosis methods have been effectively exploited to detect
motor bearing faults in order to keep machinery performing at the best state, avoiding abnormal
event progression [3-5]. For fault diagnosis, vibration signal analysis is one of the most important
methods. There exist various kinds of the vibration signal analysis methods, such as correlation
analysis, time series analysis, fast Fourier transform, wavelet transform, empirical mode decomposition,
blind signal separation, ensemble empirical mode decomposition, expert systems, fuzzy logic,
neural networks, and so on. Ming et al. [6] proposed a novel fault diagnosis method based on
orthogonal projection theory to extract the fault characteristic frequency for a roller bearing. Van Wyk
et al. [7] proposed a powerful tool for bearing feature extraction and classification. Mohsen et al. [8]
addressed the fault diagnosis of analog circuits based on a dictionary approach. Liu et al. [9] proposed
a signal processing method /amplitude recovery method for the signal pre-processing. Rubini and
Meneghetti [10] proposed the limits of the mentioned methodologies by showing their application to
bearings affected by different pitting failures. Yu et al. [11] applied the empirical mode decomposition
(EMD) method and Hilbert spectrum to diagnose faults of roller bearings. Li et al. [12] used the
combination method of EMD and wavelet analysis for the detection of changes. Guo et al. [13] proposed
the combination of median filter and EMD method to analyze the friction signal. Cheng et al. [14]
proposed a frequency separation method based on EMD and the local Hilbert energy spectrum for gear
fault diagnosis. Wu and Chung [15] proposed the hybrid method of EEMD and pure EMD to efficiently
decompose the complicated vibration signals of rotating machinery. Lei and Zuo [16] proposed an
improved Hilbert-huang transform (HHT) based on EEMD and sensitive IMFs to diagnose an early
rub-impact fault of a heavy oil catalytic cracking machine. Jiang et al. [17] proposed an improved EEMD
with multiwavelet packets for rotating machinery multi-fault diagnosis. Gong et al. [18] proposed
a novel method based on EEMD to select time-frequency patterns for single-trial motor imagery
EEG. Lei et al. [19] proposed a new adaptive EEMD method for fault diagnosis of rotating machinery.
Ren et al. [20] proposed a new approach to measure the similarity. Shukla et al. [21] proposed a
novel methodology to automatically classify the EEG of normal, inter-ictal and ictal subjects using
EMD decomposition. Yang and Wu [22] proposed an EEMD and the marginal Hilbert spectrum
analysis for evaluate the diagnostic effectiveness of gear deterioration. Vokelj et al. [23] proposed a
novel multivariate and multiscale statistical process monitoring method in large slewing bearings.
Ozgiir et al. [24] proposed the axial vibration of cracked nanorods with arbitrary boundary conditions
by dividing the nanorod into two segments, and they were concerned with the free vibration of
cantilever microbeams with an attached tip mass in a systematic manner [25,26]. Other feature
extraction methods have been proposed in recent years [27-38].

In this study, a new feature extraction and diagnosis method based on the EEMD, optimal mode
selection, and Hilbert transform is proposed. Firstly, the vibration signal is adaptively decomposed
into a number of components by the EEMD method. Next, the correlation coefficients of each
mode and original signal are calculated to select the IMF components with the largest correlation
coefficient (i.e., optimal mode), which carried out the Hilbert transform. The transformed envelope
spectrum is analyzed in order to extract the fault feature frequency and identify the fault state. Finally,
the transmission characteristics of the vibration signal of the bearing inner ring and outer ring are
analyzed and deeply studied, and the feature extraction method has been successfully applied to
identify the inner ring and outer ring faults of a motor bearing.

2. Basic Method

2.1. EMD

The EMD [24] is an adaptive decomposition technique. The energy associated with various
intrinsic time scales is directly extracted to generate a series of IMFs. This method can decompose
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non-linear and non-stationary data sequences to extract a series of amplitude modulated-frequency
modulated (AM-FM) signal components. The EMD decomposes the original signal (S(x)) into a number
of IMFs:

S0 = Y. eit) + () M)
i=1

where r,(f) is residual error function, and represents average trend of signals. IMF components
€1, €2, €3, ..., ¢y contain different elements respectively from low to high frequency of signals.

2.2. EEMD

The EEMD method is an improvement of the EMD method, which solves the problem of mode
mixing by adding Gaussian white noise. The decomposition process of the EEMD method is described
as follows:

Step 1: Gaussian white noise sequences are added to the target data.

Step2: The new target data is decomposed into a series of IMFs according to the EMD algorithm.

Step 3: Different Gaussian white noise sequences with the same amplitude are added to the data for
each time; repeat Step 1 and Step 2.

Step4: The mean value of the various IMF is taken as the final result, that is:

N
i(h) = i]; Ci(h) @

where, ¢;() represents the j" IMF component of the original signal by the EEMD method, N is the time
of added white noise.

2.3. Hilbert Transform

The Hilbert transform is a kind of commonly used and effective signal demodulation method,
which extracts the modulated signal from the signal and analyzes the change of the modulation signal.
The Hilbert transform of one continuous time signal is equal to the output response of a linear system
with the impulse response signal. The Hilbert transform of time signal x(t) is described as:

2(t) = 1/+°° T gr ()L 3)

M) t—T 7t

Then the analytical signal of x(t) is:
z(t) = x(t) + j£(t) @)

As can be determined from the signal features, the spectrum z(jQ2) of z(t) is equal to the zero
spectrum in the negative frequency and double the spectrum in the positive frequency.

3. Experimental Environment and Theoretical Calculation

3.1. Experimental Environment

The experimental data of the roller bearing came from the Case Western Reserve University
Bearing Data Center [39,40]. Bearing information of the drive end is shown in Table 1.

Table 1. Bearing information (inches) of the drive end.

Types Inside Diameter =~ Outside Diameter Thickness Rolling Diameter ~ Pitch Diameter

SKF6205-2RS 0.9843 2.0472 0.5906 0.3126 1.537
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For the SKF 6205-2RS bearing in the experiment, the number of rolling elements (z) is nine,
the rotating frequency (f;) is 29.95 Hz at 1797 rpm, and the theoretical characteristic frequencies of
faults are calculated. The results are shown in Table 2.

Table 2. Fault characteristic frequency.

Inner Ring (Hz) Outer Ring (Hz) Rolling Element (Hz)
162.19 107.29 141.08

Two accelerometers are placed at the 3 o’clock, 6 o’clock, and 12 o’clock positions at the drive end
and fan end of motor housing to collect vibration signals by using a 16-channel DAT. The vibration
signal was sampled at 12,000 Hz and the duration of each vibration signal was 10 seconds. The fault
diameters was 0.007 inches and the number of sampling points is 2048 in the experiment.

3.2. Theoretical Calculation of the Fault Characteristic Frequency of the Roller Bearing

The bearings have many types. Most of their structures are composed of an inner ring, outer ring,
rolling elements, and cage train. The structure of the roller bearing is shown in Figure 1.

Figure 1. Roller bearing.

where B, is the roller element diameter, P; is pitch diameter, and ¢ is angle (°) of the roller element.
The bearing speed, shape, and size are used to calculate the theoretical value of the fault
characteristic frequency. The expressions are described as follows:

_Zgq_Ba
fO - Zfr(]‘ Pd COS(P) (5)
z d
fi:Efr(l—i—Bcosoc) (6)
d 2
fir = gyl — (5 cosa) | )

where f,, f;, and f; are the fault characteristic frequencies of the outer ring, inner ring, and roller
element, respectively. f; is the rotating frequency (Hz), and z is the number of rolling elements.

4. Fault Feature Extraction and Analysis

4.1. Fault Vibration Signal Decomposition

The fault vibration signals of the inner ring and the outer ring of the motor bearing are selected in
the experiment. The EMD method is selected to compare with the EEMD method. The IMF components
of the fault vibration signals are obtained by the EEMD and EMD methods. For the EEMD method,
the added number of different white noise sequences is 500 and all deviations of different white noise
sequences is 0.1. A set of fault vibration signals of the outer ring and the inner ring is decomposed into
11 IMF components and one residual component in Figures 2-5.
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Figure 2. The IMFs and residual components of the inner ring fault signal by the EMD method.
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Figure 3. The IMFs and residual components of the inner ring fault signal by the EEMD method.

Empirical Mode Decomposition

Figure 4. The IMFs and residual components of the outer ring fault signal by the EMD method.
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Figure 5. The IMFs and residual components of the outer ring fault signal by the EEMD method.

As can be seen from Figures 2 and 4, the IMF1 component in the EMD decomposition has the
mixing phenomenon, and it includes a large number of signals with different scales. The IMF1
component includes a variety of frequencies, which can destroy the physical meaning of subsequent
IMFs. Due to the existing mode mixing, it is not ideal to the test signal center frequency and extracted
average amplitude. Compared with the EMD decomposition, the mixing phenomenon of each IMF
component in the EEMD decomposition is improved in Figures 3 and 5. The IMFs obtained by EEMD
decomposition are a series of components from high frequency to low frequency. The multi-time scale
periodic component of the original signal can be effectively described. Based on the above analysis,
it can be seen that the EEMD method can better overcome the mode mining problem than the EMD
method, and the EEMD method can more accurately obtain the time scale periodic characteristics
of signals.

4.2. Selection of the Optimal Mode

Since the sample component of EEMD decomposition is larger, and the corresponding fault
characteristics are embodied in the energy change in the specific frequency band, it is necessary
to select the IMF with the most concentrated energy. This can accurately extract the effective fault
information. According to the derivation of the literature, the correlation between the EEMD modes
and the original signal is approximately equal to the self-correlation of each component. Inspired by
the method [41], the correlation coefficient between each mode and original signal is used as the index
to evaluate the reliability of mode components after EEMD.

E[fi(t) — t) —
0rs = [fi(t) 22;;(;() pe)] ®)

where p¢ ¢ € [0,1]. fi(t) and f(t) are the mode components and the original signal after EEMD,
respectively. u for Tfer Mfs and oy are the corresponding time domain mean and standard deviation,
and E is a mathematical expectation. py ; reflects the correlation between the mode components and
original signal in the time domain. If the value of py  is larger, it shows that the f; () component is
more related to the original signal. That is to say, the self-correlation is larger. Thus, the mode with the
maximum correlation is selected as the optimal mode of the EEMD, and it is regarded as the analysis
sample for fault classification and identification.
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4.3. Fault Feature Analysis Based on the Hilbert Transform

Due to the bearing installation error in the actual application, and the rolling element is not
purely rolling, the fault characteristic frequency is not always exactly equal to the theoretical value.
It is only necessary to find the approximate value of the characteristic frequency in the spectrum.
Thus, the Hilbert transform is used to describe the envelope of the amplitude modulation or phase
modulation. The results are shown in Figures 6 and 7.
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Figure 6. The envelope spectrum of optimal mode of the inner ring fault signal.
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Figure 7. The envelope spectrum of optimal mode of the outer ring fault signal.

As can be seen from Figures 6 and 7 and Table 3, the largest amplitude peaks of the fault
characteristic frequency of the vibration signal of the inner ring and the outer ring appear at frequencies
of 164.06 Hz and 105.47 Hz, respectively. It can be seen that the largest amplitude peak of the fault
characteristic frequency of the vibration signal of the inner ring (164.06 Hz) is close to the theoretical
value (162.19 Hz), and the largest amplitude peak of the fault characteristic frequency of the vibration
signal of the outer ring (105.47 Hz) is close to the theoretical value (107.29 Hz) in the envelope spectrum.
The error values for the inner ring and the outer ring are 1.15% and 1.70%, respectively. Thus, they
indicate that there is inner ring damage and outer ring damage in the motor bearing.

There are two improved particle swarm optimization (PSO) algorithms, which are the improved
PSO (LWSPSO) algorithm by linearly changing of the learning factor and S decreasing function of
inertia weight, and the improved PSO (AWAPSO) algorithm by the arctangent change of the learning
factor, S decreasing function of inertia weight, and adaptive mutation strategy. In order to verify the
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effectiveness of the LWSPSO and AWAPSO algorithms, two improved PSO and PSO algorithms are
used to optimize the support vector machine (SVM) here. The best fitness value and the average fitness
value by using three algorithms are shown in Figures 1-3 for the given dataset.

Table 3. Statistics and analysis of results.

Index Inner Ring (Hz) Outer Ring (Hz)
Theoretical value 162.19 107.29
Calculated value 164.06 105.47

Error 1.87 1.82

Accuracy rate 98.85% 98.30%

5. Transmission Analysis of the Vibration Signal

When the bearing fault occurs, two accelerometers are respectively placed at the 12 o’clock
position at the drive end and fan end of motor housing to collect vibration signals in order to deeply
study the fault signal transmission performance.

5.1. Transmission Analysis of the Fault Vibration Signal for the Inner Ring

When the bearing fault occurs in the inner ring, the optimal mode envelope spectra of the vibration
signal at the drive end and fan end are shown in Figures 8 and 9, respectively.

Envelope spectrum of optimal mode
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Figure 8. The optimal mode envelope spectrum of the inner ring at the drive end.
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Figure 9. The optimal mode envelope spectrum of the inner ring at the fan end.
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As can be seen from Figures 8 and 9, the largest amplitude peak of the fault characteristic frequency
of the vibration signal of the inner ring at the drive end and fan end all appear at 164.06 Hz. The power
spectral densities of the bearing inner ring at the drive end and the fan end are 10.9109 W/Hz and
0.8408 W /Hz, respectively. For the second large amplitude peak point, the second large amplitude
peaks of the fault characteristic frequency of the vibration signal of the inner ring at the drive end
and fan end are 263.67 Hz and 58.59 Hz, respectively. The power spectral densities of the bearing
inner ring at the drive end and fan end second large amplitude peak are 2.6905 Hz and 0.4447 Hz,
respectively. By comparing and analyzing the obtained results, the second large amplitude peak of the
fault characteristic frequency of the vibration signal of the inner ring at the drive end (58.59 Hz) is close
to the rotating frequency, and the power spectral density of the bearing inner ring at the drive end is
much larger than the power spectral density of the bearing inner ring at the fan end. The compared
and analyzed result indicates that the energy of the vibration signal of the bearing inner ring on the fan
end is lost during the transmission of the vibration signal from the inner ring to the fan end of motor.

5.2. Transmission Analysis of the Fault Vibration Signal for the Outer Ring

When the bearing fault occurs in the outer ring, the optimal mode envelope spectrum of the
collected vibration signal for the outer ring at the drive end and fan end are shown in Figures 10-15,
respectively. Since the outer ring fault signal of the motor bearing is stationary, the outer ring fault
position for the bearing load zone has direct effects on the vibration response of the motor bearing
system. In order to analyze and quantify the effect, the experiments were conducted for the bearing
outer ring fault at the 3 o’clock position, the 6 o’clock position (orthogonal to the load zone), and the
12 o’clock position at the drive end and fan end. The optimal mode envelope spectra of the collected
vibration signal of the outer ring at the drive end and fan end at the 6 o’clock position are shown in
Figures 10 and 11, respectively. The optimal mode envelope spectra of the vibration signal of the outer
ring at the drive end and fan end at the 3 o’clock position are shown in Figures 12 and 13, respectively.
The optimal mode envelope spectra of the collected vibration signal of the outer ring at the drive end
and fan end at the 12 o’clock position are shown in Figures 14 and 15, respectively.
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Figure 10. The optimal mode envelope spectrum of the drive end of the outer ring at the 6 o’clock position.
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Figure 11. The optimal mode envelope spectrum of the fan end of the outer ring at the 6 o’clock position.
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Figure 12. The optimal mode envelope spectrum of the drive end of the outer ring at the 3 o’clock position.
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Figure 13. The optimal mode envelope spectrum of the fan end of the outer ring at the 3 o’clock position.

As can be seen from Figures 10 and 11, the largest amplitude peaks of the fault characteristic
frequency of the vibration signal of the outer ring at the drive end and fan end all appear at 105.47 Hz
at the 6 o’clock position. The power spectral densities of the outer ring at the drive end and fan end are
2.4805 W/Hz and 0.8013 W /Hz, respectively. For the second large amplitude peak point, the second



Symmetry 2017, 9, 60 11 of 14

large amplitude peaks of the fault characteristic frequency of the vibration signal of the outer ring at
the drive end and fan end appear at 216.80 Hz and 29.30 Hz, respectively. The power spectral densities
of the bearing inner ring at the drive end and fan end are 1.2395 W/Hz and 0.1109 W/Hz, respectively,
and the second large amplitude peak of the fault characteristic frequency of the vibration signal of the
outer ring at the drive end (29.30 Hz) is close to the rotating frequency.

As can be seen from Figures 12 and 13, the largest amplitude peaks of the fault characteristic
frequency of the vibration signal of the outer ring at the drive end and fan end appear at a frequency
of 105.47 Hz and 29.30 Hz at the 3 o’clock position, respectively. The power spectral densities of outer
ring at the drive end and fan end are 69.084 W/Hz and 0.2339 Hz, respectively. For the second large
amplitude peak point, the second large amplitude peaks of the fault characteristic frequency of the
vibration signal of the outer ring at the drive end and fan end are 216.80 Hz and 105.47 Hz, respectively.
The power spectral densities of the bearing outer ring at the drive end and fan end are 35.6808 W/Hz
and 0.2120 W/Hz, respectively.
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Figure 14. The optimal mode envelope spectrum of the drive end of the outer ring at the 12 o’clock position.
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Figure 15. The optimal mode envelope spectrum of the fan end of outer ring at the 12 o’clock position.

As can be seen from Figures 14 and 15, the largest amplitude peaks of the fault characteristic
frequency of vibration signal of the outer ring at the drive end and fan end all appear at 105.47 Hz at
the 12 o’clock position. The power spectral densities of the outer ring at the drive end and fan end
are 0.0948 W/Hz and 0.0423 Hz, respectively. For the second large amplitude point, the second large
amplitude peaks of the fault characteristic frequency of the vibration signal of the outer ring at the
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drive end and fan end are 58.59 Hz and 17.58 Hz, respectively. The power spectral densities of the
bearing outer ring at the drive end and fan end are 0.0899 W/Hz and 0.0299 W /Hz, respectively.

As can be seen from Figures 10-15, for the 6 o’clock position and 12 o’clock position, the largest
amplitude peaks of the fault characteristic frequency of the vibration signal of the outer ring at the
drive end and fan end all appear at 105.47 Hz. For the 3 o’clock position, the largest amplitude peaks
of the fault characteristic frequency of the vibration signal of the outer ring at the drive end and fan
end appear at 105.47 Hz and 29.30 Hz, respectively. The largest power spectral density of the outer
ring at the drive end is 69.084 W /Hz at the 3 o’clock position, and the largest power spectral density of
the outer ring at the fan end is 0.8013 W/Hz at the 6 o’clock position. By comparing and analyzing the
obtained results, the power spectral density of the bearing outer ring at the drive end is much larger
than the power spectral density of the bearing outer ring at the fan end, and the second large amplitude
peaks of the fault characteristic frequency of the vibration signal of the outer ring also changed the
expectation for the reduced maximum amplitude peak. Thus, the compared and analyzed results
indicate that the energy of the vibration signal of the bearing outer ring at the fan end is lost during
the transmission of the vibration signal from the outer ring to the fan end of motor. The effective
diagnosis method for motor bearing is to ensure the safety and reliable operation of the motor. In order
to improve the fault diagnosis accuracy of the motor bearing, a new fault diagnosis method based on
empirical mode decomposition, fuzzy entropy, an improved particle swarm optimization algorithm,
and a support vector machine is proposed in this paper. Firstly, the vibration signals of the motor
bearing is decomposed by EMD in order to obtain several IMFs. Then, the fuzzy entropy is used
to effectively extract the features of the vibration signal, which are regarded as the input vectors
of the SVM model. The improved learning factor and inertia weight, and the adaptive mutation
strategy are used to improve the PSO algorithm in order to improve the optimization ability of the PSO
algorithm, which is used to optimize the parameters of the SVM model for improving the classification
accuracy. A new fault diagnosis model for the motor bearing based on combining EMD, fuzzy entropy,
an improved PSO algorithm, and the optimized SVM is constructed in this paper.

6. Conclusions

In order to effectively extract the fault feature from the vibration signal of the motor bearing and
study the transmission performance of the fault vibration signal, a fault feature extraction method
based on integrating the EEMD, the correlation coefficient method, and the Hilbert transform is
proposed. The vibration signals of the bearing inner ring and outer ring at the drive end and fan end
at the 3 o’clock position, 6 o’clock position, and 12 o’clock position are selected to test and verify the
effectiveness of the proposed fault feature extraction method and study the transmission characteristics.
The experiment results show that the proposed fault feature extraction method can effectively eliminate
the influence of the mode mixing and extract the fault feature frequency. The found fault characteristic
frequency is close to the theoretical fault characteristic frequency. It is an effective method to extract
the fault feature of the bearing from the noise with interference. The vibration signals at the drive
end and the fan end are analyzed and compared in detail in order to deeply study the transmission
characteristics of the fault vibration signal of the bearing inner ring and outer ring. The compared and
analyzed results indicate that the energy of the vibration signal of the bearing outer ring at the fan end
is lost during the transmission of the vibration signal from the outer ring to the fan end of the motor.

Due to the complexity of the vibration signal of the motor bearing, it requires more effective signal
analysis methods to deal with the vibration signal. Thus, the feature extraction method needs to be
studied further. The fault diagnosis method will be deeply studied in our future work.
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