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Abstract
In response to the problems of single signal information and low accuracy of the early warning method for motor bearing
health diagnosis, this paper conducts a study on the early warning method for bearing health diagnosis. By performing
ensemble empirical modal decomposition (EEMD) on the signal after empirical modal decomposition (EMD) hard threshold
noise reduction and then extracting the vibration signal fault characteristic parameters based on the principal components
analysis (PCA) algorithm for dimension reduction, an Ensemble Empirical Modal Decomposition-Principal Components
Analysis-Adaptive Network-based Fuzzy Inference System-based(EEMD-PCA-ANFIS) bearing fault warning model for
vibration signals under defective conditions is established, the vibration signals of different working conditions are selected
for diagnosis, and the accuracy of fault identification reaches 93.3%. Subsequently, a bearing failure warning model based
on joint analysis of vibration and temperature rise trends was developed for bearing oil deficiency conditions, and the results
show that the model can combine the vibration signal and temperature characteristics to complete the accurate judgement
of bearing oil deficiency status and achieve the fault diagnosis of bearing defects and oil deficiency status. Compared with
the existing methods, the proposed bearing health diagnosis and early warning method based on Ensemble Empirical Modal
Decomposition-Principal Components Analysis-Adaptive Network-based Fuzzy Inference System(EEMD-PCA-ANFIS) can
diagnose and warn of bearing defects and the state of oil shortages and oil shortages more accurately and lays a foundation
for realizing an intelligent fault warning algorithm based on multi-information fusion.

Keywords Motor bearing · Fault warning · Feature extraction · Status diagnosis ·Operation monitoring · EEMD-PCA-ANFIS

1 Introduction

Motors are important driving equipment in modern facto-
ries and have a huge number of applications in various fields
[1]. The fault detection and intelligent diagnosis of motor
bearings have always been the focus of research by schol-
ars at home and abroad [2]. The current detection methods
have some problems, such as long time consumption, labor
consumption, and low intelligence. Therefore, it is of great
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significance to carry out research on the health warning diag-
nosis method of motor bearings to prevent the occurrence of
failures for the safe operation of motors.

Existing bearing monitoring systems generally assess the
health of bearing life by monitoring temperature, vibration,
noise, speed, voltage, current and other information in real
time during bearing operation [3]. For example, Chen Jin-
hai et al. proposed a new intelligent bearing structure with
radial grooves on the outer ring of the bearing to monitor the
temperature of the inner ring [4], Gopalakrishna GK et al.
monitored the vibration signal through MEMS and carried
out bearing health diagnosis [5], Chen Y et al. monitored
the bearing vibration signal through FBG to predict the bear-
ing service life [6], Tritschler N et al. developed a condition
health monitoring system for regular monitoring of the bear-
ing state [7], etc.

At present, the sensor installation methods of bearing
monitoring systems are divided into two types. One is to
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disassemble the motor after welding the sensor to the bear-
ing interior. For example, the embedded intelligent sensor
developed by Ren Daqian et al. is used for the measurement
of bearing temperature, rotational speed, and vibration [8].
Zhang N et al. proposed an embedded film pressure sen-
sor for monitoring water-lubricated bearings to monitor the
water-lubricated shaft oil film pressure, film thickness and
film stiffness [9]. Brusa E et al. used fiber optic sensors to
monitor the thermal state of bearings [10]. The other is the
separate installation of the sensor and bearing. For example,
Liu Qinghai and Huang Jianqiu proposed a piezoresistive
MEMScomposite beam temperature sensor [11].XieZJ et al.
proposed a noncontact triboelectric bearing sensor to realize
the measurement of bearing speed [12].

From the above literature, it can be seen that most of the
bearing health diagnosis and early warning methods used
in existing bearing monitoring systems are single informa-
tion source diagnosis, which has the problem of single signal
information, while in monitoring systems with multiple sen-
sors installed, there is more equipment redundancy, which
cannot truly achieve multi-information fusion health diag-
nosis of bearing status.

Currently, the early warning method of motor bearing
health diagnosis is divided into two steps: bearing fault fea-
ture extraction and fault identification. For feature extraction,
short-time Fourier transforms [13], wavelet transforms [14]
and empirical mode decomposition [15] are widely used.
Fault identification mainly involves research on bearing fault
diagnosis algorithms. Common algorithms include naive
Bayesian networks [16],K-means clustering algorithms [17],
support vector machines [18] and neural networks [19].

In the process of signal processing, the short-time Fourier
transform has limitations for the analysis of abrupt signals
and nonstationary signals and can only be used for the pro-
cessing and analysis of stationary signals. Wavelet analysis
is not self-adaptive, and it is necessary to continuously try
to select different wavelet bases to achieve optimal results
in practical applications. EEMD is an improved method of
EMD that solves the phenomenon of modal confusion exist-
ing in EMD, and the method is self-adaptive and does not
need to choose the basis function, such as wavelet transform.
Therefore, EEMD is selected as the fault feature extraction
method in this paper. For the bearing fault diagnosis algo-
rithm, since ANFIS is an adaptive search algorithm, this
method combines the interplay of a neural network and a
fuzzy inference system, which is a reliable and effective
classification and identification method with better perfor-
mance than a neural network or fuzzy inference systemalone.
Therefore, ANFIS is adopted as the bearing fault diagnosis
algorithm in this paper.

In summary, most of the existing early warning meth-
ods for bearing health diagnosis cannot realize the multi-
information fusion health diagnosis of bearing status, and

EEMD and ANFIS have more advantages in bearing fault
feature extraction and identification compared with other
methods. Therefore, this paper proposes a joint earlywarning
model based on the EEMD-PCA-ANFIS vibration analysis
model and bearing temperature rise trend by analyzing bear-
ing fault characteristic parameters to achieve fault diagnosis
and oil deficiency state discrimination in the defective state
of motor bearings and to provide early warning when a fault
occurs or a precursor of fault appears.

2 Motor bearing fault signal processing
method

2.1 Motor bearing fault analysis

2.1.1 Classification andmanifestation of motor bearing
faults

The main causes of motor bearing faults include rotor imbal-
ance, debris in the rotor, friction between dynamic and static
parts, bearing corrosion, bearing wear or caps loosening,
misalignment of the rotary, low lubricating oil tempera-
ture, debris in the lubricating oil or insufficient lubrication,
anchor bolt looseness, surge, etc. [20, 21]. Common types
of faults in rolling bearings include bearing fatigue, wear,
corrosion, indentation, scuffing, cracks, etc. [22]. From the
abovementioned various bearing failure mechanisms and
manifestations, the abnormal condition of the bearing even-
tually manifested as vibration, temperature rise, noise and
other changes in several aspects [23], and different faults in
the same parameters will also reflect different characteristics,
of which noise is mainly caused by vibration.

2.1.2 Vibration and temperature characteristic analysis
of motor bearing faults

Bearing also produces vibration under normal working con-
ditions, but it is generally caused by its own structural
characteristics and the vibration influence of other parts in
the motor, and the time-domain vibration waveform is often
irregular vibration, without an obvious impact peak and high
frequency change. Once a bearing has local defects or faults,
the vibration waveform will change significantly.

Under normal circumstances, after the motor has been
manufactured, the temperature rise during normal operation
does not basically change abruptly or increase continuously
with the operation of the motor. However, when the motor
is in a fault condition, the motor temperature and the bear-
ing temperature can rise rapidly to the point of burning out
the motor. Common damage to rolling bearings generally
develops over a long period of time, and their operating tem-
perature rises gradually as the degree of damage increases,
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so they can be monitored as indicators of abnormal bearing
operating conditions.

In summary, bearings can cause changes in a variety
of operating parameters during fault operation, especially
vibration and temperature signals, which contain a wealth of
information about the characteristics of the fault and can be
used to monitor the operating condition of the bearing.

2.2 Bearing vibration and temperature rise signal
characteristic analysis and processingmethod

2.2.1 Bearing vibration signal characteristic analysis
and processing method

The undecomposed time-domain signal does not visually
reflect the current operating state of the bearing, and tradi-
tional signal processingmethods such as STFT,Wigner-Ville
or wavelet variation methods suffer from poor adaptability
and computational complexity. EEMD can decompose com-
plex signals into several intrinsic mode functions (IMFs) [24,
25] based on the signal properties, which is self-adaptive and
can solve the phenomenon of mode aliasing existing in EMD
and improve the accuracy of signal processing. Therefore,
EEMD can be used for feature analysis and processing of
bearing vibration signals.

The principle of EEMD decomposition is as follows:
A set of randomwhite noise signals {n1(t), n2(t), ···, nm(t)}

with zero mean and equal variance are added to the original
signalx0(t) to obtain a new set of signals {x1(t), x2(t), ···,
xm(t)}.

⎧
⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

x1(t) � x0(t) + n1(t)
x2(t) � x0(t) + n2(t)

...
xm(t) � x0(t) + nm(t)

(1)

The EMD decomposition of each signal xi(t) yields m
groups of IMFs {[C11, C12, ···, C1n], [C21, C22, ···, C2n],
···, [Cm1, Cm2, ···, Cmn]}(denoted as C) and m groups of
residuals{Res1, Res2, ···, Resm}(denoted as Res).
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(2)

The mean values corresponding to the m groups of IMFs
{C1,C2,···,Cn} and their residuals Res were calculated.

Fig. 1 ANFIS structure diagram
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2.2.2 Bearing fault adaptive fuzzy neural network
algorithm

ANFIS uses a hybrid algorithm of backpropagation and least
squares to adjust the premise and conclusion parameters and
can automatically generate if–then rules [26]. For a system
with two inputs x and y and one output f , the corresponding
T-S fuzzy inferencemodel is first-order and has two rule sets:

Rule 1: i f x is A1 and yisB1, Then f1 � p1x + q1y + r1.
Rule 2: i f x is A2 and yisB2, Then f2 � p2x + q2y + r2.
In the formula, Ai and Bi are fuzzy sets, and f (x , y) is

the accuracy of the conclusion output. The ANFIS structure
diagram is shown in Fig. 1.

The ANFIS is mainly composed of 5 layers, and the func-
tions of each layer are as follows:

(1) Layer 1: The membership function layer of the input
variables, which mainly completes the fuzzification of
the input variables.

(2) Layer 2: This layer is responsible for multiplying the
output functions of the different rules after fuzzification
and obtaining the new output function.

(3) Layer 3: Normalization layer for all rule strengths, nor-
malizing different rules for different nodes.

(4) Layer 4: Calculating the output of fuzzy rules.
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Fig. 2 Bearing temperature
prediction flow chart

Fig. 3 Normal state time domain
waveform

(5) Layer 5: Summing the output of each node to obtain the
total output

2.2.3 Research on the early warning algorithm of bearing
temperature trends

Temperature is the most direct indicator to measure the ther-
mal state of the bearing. The existing temperature early
warning method uses the absolute temperature threshold as
the early warning standard, which can easily lead to missed
and false alarms. When the threshold value is set low, it is
easy to cause the phenomenon that the bearing temperature
is too high to be misjudged as an abnormal state when the
ambient temperature is greatly affected or the load is heavy.
When the threshold value is set too high, abnormal bearing
temperatures are not detected in time.

In summary, according to the abnormal operating tem-
perature rise characteristics of bearings, using abnormal
temperature rise trends different from their historical tem-
perature rise models as a first level warning, combined with
the vibration measurement data, the absolute temperature

exceeding the set threshold is used as a secondary alarm to
improve the existing bearing temperature warning method.
The historical operating data and real-timemeasurement data
of the bearings at different ambient temperatures are used to
identify abnormal temperature rise trends and to detect fault
precursors in advance. Bearing temperature prediction ideas
are shown in Fig. 2.

3 EEMD decomposition of the original
vibration signal

3.1 Characteristic analysis of the vibration signal

In the experiment, vibration data were collected using the
vibration module of the CWRU test bench. The bearing type
selected for the experiment was the SKF 6205 deep groove
type bearing, whose parameters are shown in Table 1.

The experimental data include the vibration signals col-
lected in four bearing states: normal, bearing rolling com-
ponent fault, outer ring fault and inner ring fault, at 1750
r/min, the sampling frequency of the signals is set to 12 kHz,
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Table 1 6205 bearing specifications and dimensions

Category Parameter Category Parameter

Bearing type Deep grove
ball bearing

Pitch
diameter/mm

38.5

Inner ring
diameter/mm

25 Number of
balls

7

Outer ring
diameter/mm

52 Contact
angle/degree

0

Thickness/mm 15 Dynamic
load/kN

14

Weight/kg 0.128 Static load/kN 7.85

2048 time domain data are taken for each set of samples,
and the vibration data within 0.02 s are taken for bispectrum
transform, as shown in Figs. 3, 4, 5, 6, 7, 8, 9 and 10.

Figures 3 and 4 show that the time domainwaveformof the
bearing under normal conditions varies relatively smoothly
without shock components. Figure 4a, b spectrograms show
that the frequency components of vibration acceleration in
the normal state aremostly concentrated in the low frequency
band, especially between 0 and 1000 Hz with a dense dis-
tribution and large amplitude; above 2000 Hz, the frequency
amplitude is almost zero, and in the high frequency band,
there are only a few frequency components.

Figures 5 and 6 show that when scratches are present on
the surface of the rolling body, the time domain signal pro-
duces shock vibrations with long periodic variations in the
amplitude of the vibration. Figure 6a, b spectrograms show
that the energy is concentrated in the middle and high fre-
quency bands, with the 2500–3500 Hz band being the main
component, and the energy amplitude produces a hump at
0.004 s and 3000 Hz, with a significant impulse component.

Figures 7 and 8 show that when there is damage to the
inner ring of the bearing, due to the radial clearance of the
bearing, the change in the low frequency band below 800 Hz
is not very significant, but at 0.008 s and 0.014 s, a large
number of group peaks appear in the 1800 Hz and 3600 Hz
bands, i.e., the energy is basically concentrated in the middle
frequency band. Figure 8a, b shows that there is a periodic
variation in the amplitude of the vibration, i.e., amplitude
modulation occurs.

Figure 9 shows that when there is damage to the outer
ring of the bearing, the vibration signal is a series of high-
frequency attenuation vibrations, and high frequencies are
the main component. From the point of view of the time
domain signal, the position between the damage point and
the bearing direction is fixed, it is independent of the vibra-
tionmodulation, and the vibration signal is pulse-modulated.
Figure 10a, b shows that peaks appear in the 2000–3000 Hz
band at 0.01 s and 0.02 s and that there is a periodic variation
in the amplitude of the vibration.

Therefore, the vibration signal in the defective state of
the bearing contains a wealth of fault precursor features, and
through the vibration signal in the bearing fault state for fea-
ture extraction, it can achieve the bearing of different fault
precursors and locations of discrimination.

3.2 EEMD feature extraction algorithm for vibration
signals

EEMD is used to decompose the vibration signal, and all
IMF components of the decomposition are used for fea-
ture component extraction. Based on this, the envelope of
each order IMF component is extracted and used for fea-
ture extraction in bearing fault states. The IMF component

a) Normal state bispectral 2D amplitude map b) Normal state bispectral 3D amplitude map

Fig. 4 Normal state spectrogram

Fig. 5 Bearing rolling component
fault time domain waveforms
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a) Bispectral 2D amplitude map of bearing rolling 
component under scratch condition

b) Bispectral 3D amplitude map of bearing rolling 
component under scratch condition

Fig. 6 Spectrograms of the bearing rolling component in the scratched state

Fig. 7 Inner ring fault time
domain waveform

a) Bispectral 2D amplitude map in inner ring scratch 
state

b) Bispectral 3D amplitude map in inner ring scratch 
state

Fig. 8 Spectrogram in the scratched state of the inner ring

Fig. 9 Time domain waveforms
in the outer ring scratch condition

a) Bispectral 2D amplitude map in the scratched state 
of the outer ring

b) Bispectral 3D amplitude map in the scratched state 
of the outer ring

Fig. 10 Spectrogram in the scratched state of the outer ring
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Fig. 11 Flow chart of the IMF singular value vibration-based feature
extraction method

of the EEMD decomposition contains all signal characteris-
tics in the high- and low-frequency bands, providing a more
comprehensive understanding of the vibration damage char-
acteristics in bearing fault conditions. The steps are shown in
Fig. 11. The EMD hard thresholding algorithm is used first
for noise reduction of vibration signals, which can improve
the signal-to-noise ratio of vibration data and obtain more
distinctive vibration signal characteristics. If we only rely on
EEMD itself for signal noise reduction, the local variation
characteristics and time-varying characteristics of the signal
after processing are less effective compared with now.

3.2.1 Analysis of the EMD threshold denoising method

There is a wealth of fault information in bearing vibration
signals, but the acquisition process often results in the fault
characteristics being masked due to interference from exter-
nal noise or other reasons, making the signal more difficult
to process; therefore, noise reduction is required before the
vibration signal can be analyzed. Since EMD has good local
characteristics and adaptivity, it is suitable for filtering and
denoising nonstationary signals, so this paper chooses EMD
threshold denoising.

The basic idea of EMD threshold denoising is to decom-
pose the original signal to obtain each order of IMF com-
ponents, select a suitable threshold for each order of IMF
components, and then carry out EMD reconstruction. The
steps are as follows:

(1) Vibration signal decomposition: EMD decomposition
of the given signal to obtain the IMF components of
each order.

(2) Selecting the appropriate threshold: The threshold func-
tion is used to compress the IMF components of each
order.

xi �
N∑

i�1

ci + r (4)

In practice, the threshold is usually fixed:

γ � σ
√
2 ln(N ) (5)

Fig. 12 Inner ring scratched vibration waveform diagram

Fig. 13 Bearing rolling component scratched vibration waveform dia-
gram

Fig. 14 Outer ring scratch vibration waveform diagram

In the formula, σ 2 is the noise variance, N is the sampling
length, and γ is the fixed threshold.

(3) Vibration signal reconstruction: signal reconstruction of
the processed IMF components.

Figures 12, 13 and 14 show the waveforms of the vibra-
tion signal after denoising using the EMD hard thresholding
method. The waveforms tend to flatten out after denoising,
indicating that EMD threshold denoising has a certain sup-
pression effect on the high-frequency part of the vibration
signal.
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Fig. 15 EEMD decomposition diagram under normal operating condi-
tions

Fig. 16 EEMD decomposition of bearing rolling components in a
scratched condition

3.2.2 Analysis of the method for extracting singular value
features of the IMF component envelope matrix
of various orders

After the vibration data have been denoised by EMD, EEMD
is used to decompose the vibration signals of the motor bear-
ing under normal and faulty operating conditions, and the
results are shown in Figs. 15, 16, 17 and 18. The vibration
signal is decomposed into 9 IMF components and 1 residual
signal under normal conditions and 10, 9 and 9 IMF compo-
nents and 1 residual signal under inner ring, outer ring and
rolling body damage conditions, respectively.

After decomposing the original vibration signal by EEMD
in the defective state, the upper and lower envelope curves are
obtained for each order of IMF components to form the upper
and lower envelope matrices, respectively, and the singular
values of the two matrices are solved to extract the vibration
signal eigenvalues for fault characterization. Since the singu-
lar values of the upper and lower envelope matrices obtained
after the EEMD decomposition are equal, only one set of
matrix singular values needs to be calculated. Finally, the

Fig. 17 EEMD decomposition of the inner ring in the scratched condi-
tion

Fig. 18 EEMD decomposition of the outer ring in the scratched condi-
tion

vibration signals of different damage locations in the defec-
tive state were selected for vibration feature extraction, and
some of the results are shown in Table 2.

From the analysis in Table 2, it can be seen that themethod
of using the singular value of the envelope can reflect the
different characteristics of various bearing operating condi-
tions. The characteristic value of the bearing under normal
operation is concentrated at approximately 1.34; when the
bearing rolling component faults are concentrated at approx-
imately 3.6; when the inner ring faults are concentrated at
approximately 7.2; and when the outer ring faults are set
at approximately 17.8, the analysis of these results can be
obtained, and the characteristic value under different failure
positions is different.

To eliminate the effect of a particular IMF component
of the decomposition on the results, the singular values of
envelope need to be normalized, and some of the results are
shown in Tables 3, 4, 5 and 6.
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Table 2 Characteristic value of the vibration of the bearing under the running state (part)

State λ1 λ2 λ3 λ4 λ5 λ6 λ7 λ8

Normal 1.341 1 0.636 9 0.392 6 0.392 6 0.366 6 0.257 5 0.023 9 0.047 3

Normal 1.379 5 0.767 5 0.641 7 0.946 0 0.594 9 0.246 7 0.125 1 0.076 1

Bearing rolling element faults 3.612 9 0.653 7 0.687 3 0.272 6 0.255 9 0.075 1 0.047 2 0.021 0

Bearing rolling element faults 3.802 3 0.650 7 0.692 4 0.253 9 0.250 2 0.055 5 0.050 1 0.019 2

Inner ring faults 7.245 7 2.995 8 1.789 6 0.533 3 0.378 0 0.256 7 0.141 8 0.125 3

Inner ring faults 7.027 8 3.093 9 1.698 3 0.846 4 0.478 2 0.260 2 0.175 1 0.091 6

Outer ring faults 17.870 3.995 0 1.648 7 1.135 6 0.650 4 0.460 6 0.369 4 0.213 3

Outer ring faults 17.147 5.422 9 1.871 2 1.272 9 0.564 3 0.497 6 0.308 2 0.263 3

Table 3 Vibration characteristic
values for bearings under normal
conditions

State model Sample 1 Sample 2 Sample 3 Sample 4 Sample 5 Sample 6

Normal state
envelope
model

0.7618167 0.6703065 0.7747427 0.7893601 0.8096204 0.8100185

0.3618266 0.3729537 0.3634536 0.3884159 0.3801610 0.4082248

0.2230291 0.3118412 0.2180169 0.2069541 0.2122011 0.2219285

0.2082369 0.2891095 0.2535997 0.2406752 0.1837573 0.1446691

0.1462888 0.1198982 0.1194669 0.1315498 0.1404013 0.1442834

0.0135847 0.0608172 0.0434008 0.0756838 0.0262365 0.0932289

0.0268820 0.0369892 0.1642409 0.0238165 0.0203862 0.0151848

Table 4 Vibration characteristic values forbearing rolling components in a scratched condition

State model Sample 1 Sample 2 Sample 3 Sample 4 Sample 5 Sample 6

Bearing rolling element scratch envelope model 0.9682116 0.9614050 0.9651020 0.9704741 0.9707225 0.9705809

0.1730979 0.1827073 0.1811340 0.1722210 0.1645957 0.1693122

0.1502962 0.1749073 0.1679409 0.1423785 0.1525131 0.1534141

0.0745828 0.0877900 0.0727968 0.0605720 0.0694034 0.0543683

0.0638118 0.0599482 0.0408592 0.0631489 0.0451208 0.0489236

0.0145101 0.0161662 0.0195476 0.0204413 0.0180810 0.0174201

0.0077076 0.0125307 0.0107356 0.0098212 0.0110256 0.0087726

0.0104827 0.0025688 0.0099058 0.0087791 0.0066740 0.0063410

Table 5 Vibration characteristic values in the condition of bearing inner ring scratching

State model Sample 1 Sample 2 Sample 3 Sample 4 Sample 5 Sample 6

Inner ring fault envelope model 0.9004087 0.9073715 0.9017338 0.9089530 0.8978364 0.9069636

0.3540357 0.3382198 0.3450093 0.3400395 0.3718749 0.3461526

0.2278886 0.2204955 0.2161749 0.2090517 0.2099571 0.2025235

0.0901744 0.0959924 0.1272456 0.0999300 0.0888629 0.1123931

0.0470121 0.0522606 0.0515471 0.0582133 0.0504356 0.0523776

0.0355401 0.0345454 0.0361953 0.0253408 0.0265076 0.0294639

0.0123188 0.0204267 0.0281486 0.0141215 0.0104427 0.0175134

0.0152666 0.0104656 0.0127250 0.0160761 0.0162678 0.0053857
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Table 6 Vibration characteristic values in the condition of bearing outer ring scratching

State model Sample 1 Sample 2 Sample 3 Sample 4 Sample 5 Sample 6

Outer ring fault envelope model 0.9523427 0.9898410 0.9689637 0.9449475 0.9879939 0.9285249

0.2747596 0.1015809 0.2166179 0.2988357 0.1291828 0.3466933

0.1050965 0.0809779 0.0893981 0.1031153 0.0651456 0.1056922

0.0629944 0.0441212 0.0615744 0.0701444 0.0424595 0.0664157

0.0360330 0.0281255 0.0352664 0.0310994 0.0254337 0.0314090

0.0266272 0.0181463 0.0249745 0.0274206 0.0174805 0.0252118

0.0165830 0.0111745 0.0200318 0.0169881 0.0112268 0.0146265

0.2747596 0.1015809 0.2166179 0.2988357 0.1291828 0.3466933

4 Diagnostic analysis of bearing vibration
and temperature faults

4.1 Analysis of bearing vibration fault diagnosis

If the singular values of the vibration data from the EEMD
decomposition are used directly as input to theANFISmodel,
the model will have too many dimensions and take too long
to train. Therefore, the dimensionality of the vibration eigen-
value data needs to be reduced by introducing the PCA
algorithm to improve the training speed and accuracy of the
model [27].

4.1.1 Vibration eigenvalue PCA dimension reduction

PCA is a linear dimension reduction technique where the
eigenvectors are obtained by taking the covariance matrix of
the sample matrix and forming the transformation matrix.
The steps of the PCA algorithm are as follows:

(1) If the original data X contains n samples and each sam-
ple hasm variables, unitary transformation is performed
on the m × n order sample matrix to obtain the normal-
ized matrixU.

ui j � (xi j − x j )
/
s j i � 1, 2,…, m; j � 1, 2,…, n (1) in the

formula:

x j �
n∑

i�1
xi j/n; s2j �

n∑

i�1
(xi j − x j )2/(n − 1).

(2) Calculate the correlation coefficient of the matrix U:

R � UTU/(n − 1) (6)

(3) Solve for the characteristic roots of the matrixR and
its eigenvectors to obtain the m characteristic roots and
eigenvectors of the matrix R. Calculate the number of
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Fig. 19 Cumulative contribution rate of sample characteristics

principal components p, and obtain its eigenvector bj.

|R − λE| � 0 (7)

(4) Combine the standardized indicator variables into the
principal component Z:

Z � {z1 , z2, · · · , z p
}

(8)

in the formula:z j � uTi b j , j � 1, 2, · · · , p.

(5) Weighted summation of p components and evaluation.

The 220 groups of sample vibration eigenvalue data were
subjected to PCA to form a 220 × 8 order numerical matrix,
and the PCA dimension reduction process was carried out
using the princomp function in MATLAB. The results are
shown in Fig. 19. Figure 20 shows that the cumulative con-
tribution of the first principal component of X amounted to
56.44%, and the cumulative contribution of successive to the
fifth principal component reached 97.37%. To increase the
accuracy of the bearing fault diagnosis, the data are converted
from 8 to 5 dimensions for subsequent ANFIS training.
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Fig. 20 ANFIS training model

4.1.2 Vibration characteristics ANFIS fault diagnosis
analysis

Forty samples are randomly selected for each condition as
training samples for the ANFIS, the singular values of the
envelope matrix of the vibration signals in the 4 states of the
bearing are calculated, and the first 5th order IMF compo-
nents are selected as the eigenvectors of the ANFIS model,
for a total of 160 sets of training sample data. The ANFIS
training model is shown in Fig. 20.

Then, 15 samples under each working condition were ran-
domly selected, a total of 60 groups of test samples, and
the respective feature vectors were obtained according to
the above method, which were input into the ANFIS model
for testing, and the corresponding running state of bearings
was taken as its expected output. As the above samples of
collected bearing runs correspond to four states, this paper
selects 4 nodes for the output of the ANFIS model, where
output {1} indicates the normal operating condition of the
bearing, output {2} indicates the fault operating condition of
the inner ring scratch damage, output {3} indicates the fault
operating condition of the outer ring scratch damage, out-
put {4} the fault operating condition of the rolling element
scratch damage of the bearing, i.e., Five input nodes and 4
output nodes corresponding to the ANFISmodel. In the bear-
ing fault diagnosis model, the allowable error is set to 0, and
3 membership functions are set for each input quantity, as
shown in Fig. 21.

Themodel is determined according to the ANFIS network
design principles in the previous section, the training function
is selected as the Gaussian-type Gaussmf algorithm, and the
time of training was 50. After training, 60 sets of test samples
are input, and the output is obtained. The training error curve
is shown in Fig. 22. The training error curve is shown in

Fig. 21 ANFIS structure diagram

Fig. 22 ANFIS error curve

Fig. 23 ANFIS simulation classification result diagram

Fig. 22, where the network training error converges to 0.003
945 6 at 32 training times.

After the ANFIS training was completed, the results are
shown in Fig. 23. Among them, one of the outer ring scratch
fault samples is identified as the normal state, and the other
sample is identified as the bearing rolling components scratch
state. One of the bearing rolling component scratch samples
was identified as the outer ring scratch condition, and one
was identified as the normal condition. Among the 60 sets
of test samples, 4 sample points were incorrectly diagnosed,
and the overall classification rate reached 93.3%, proving
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Table 7 Fault diagnosis
comparison result Fault diagnosis

method
Number of training
samples

Number of test
samples

Number of correct
diagnoses

Correct
rate

BP neural network 160 60 53 88.3%

PCA-ANFIS 160 60 56 93.3%

Fig. 24 7005c bearing

that the method in this paper is an effective way to diagnose
the condition of bearings.

To test the application effect of PCA-ANFIS, the BP (back
propagation) neural network without PCA treatment was
chosen for comparison analysis. In this paper, a three-layer
neural network with 10 neurons in the hidden layer is estab-
lished, in which the input layer corresponds to 8 eigenvalues
of each order of IMF components and the output layer cor-
responds to 4 operating states of the bearings, and the results
are shown in Table 7. As seen from Table 7, when using
the BP neural network for diagnosis, a total of 53 samples
were correctly diagnosed out of 60 groups of test samples,
with a correct diagnosis rate of 88.3%. The results show that
the PCA-ANFIS model is more accurate than the BP neural
network.

4.2 Diagnosis method of abnormal temperature rise
of bearings

From the above analysis, it can be seen that when using
only bearing vibration detection, there are errors in the state
identification, which cannot fully reflect the bearing state,
especially when the bearing is out of oil or low on oil, and

the ideal effect cannot be achieved. Therefore, this paper pro-
poses a combined temperature and vibration early warning
method, using vibration signal detection to react to bearing
parts that wear serious faults; when the bearing is out of oil
or low oil, using a combination of temperature and vibration
earlywarningmethods, to achieve the purpose of comprehen-
sive detection of the current operating status of the bearing.

The motorized spindle 7005C bearing data were used for
verification, the 7005C bearing is shown in Fig. 24, and the
7005C bearing parameters are shown in Table 8.

4.2.1 Analysis of bearing temperature rise under normal
conditions

When the motor is started normally, the temperature of the
outer ring of the bearing rises rapidly and stabilizes around
a fixed value. To ensure the validity of the temperature data,
the temperature rise curves of bearings under the same work-
ing conditions were recorded under five start-up conditions,
with room temperature at 22°C and speed at 10,000 r/min, as
shown in Fig. 24. It can be seen that the temperature rise of
the bearing reaches a stable state after 20 min of operation,
and the temperature value of the outer ring of the bearing
is stable at approximately 35 °C, so 35 °C is chosen as the
comparison temperature of the bearing under the state of lack
of oil or less oil.

Based on a practical engineering background, this paper
considers the influence of the rotating speed on the bearing
temperature rise. First, the motor load is fixed, the tempera-
ture rise of the outer ring of the bearing is recorded at different
speeds of the motor, and the temperature rise value is cor-
rected according to the speed to improve the accuracy of the
bearing temperature rise warning. Figure 25 shows the aver-
age curve of the absolute temperature of the outer ring of
the bearing at different speeds. It can be seen that, under the
same working conditions, the value of the temperature of the

Table 8 Specifications for 7005C
Category Parameter Category Parameter

Bearing type Angle contact ball bearing Pitch diameter/mm 36

Inner ring diameter/mm 25 Number of balls/pieces 13

Outer ring diameter/mm 47 Contact angle/degree 15

Thickness/mm 12 Dynamic load/kN 12.3

Weight/kg 0.182 Static load/kN 8
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Fig. 25 Temperature rise curve under the starting condition of bearing

Fig. 26 Absolute temperature curve of the bearing outer ring at different
speeds

outer ring of the bearing increases with the increase of the
speed of the bearing.

4.2.2 Characteristic analysis of bearing failures in the oil
deficiency condition

Bearing vibration and outer ring temperature data were col-
lected in the oil deficiency condition at a speed of 10,020
r/min, room temperature of 22 °C and fixed load. From the
calculations, the theoretical characteristic frequency of the
bearing at 10,020 r/min is 165 Hz. The EEMD decomposi-
tion of the vibration signal at 140 h of operation of the bearing
in the oil-deficient condition and the envelope spectrum anal-
ysis of its first three orders of IMF components are carried
out to extract the characteristic frequencies to obtain Fig. 26.

Figure 26 shows that the point with the largest amplitude
of the envelope spectrogram of the first three orders of IMF
components corresponds to a frequency of 163.1 Hz, which
is less different from the inherent vibration frequency of the
spindle and can be considered to have no fault frequency
occurrence. 489.4 Hz is close to the frequency components
of the inherent frequency of the bearing, i.e., the frequency
components with the largest amplitude are caused by the
spindle vibration. If analyzed according to the vibration char-
acteristics, the result is normal operation of the bearing. This
clearly does not correspond to the actual situation, so it can
be concluded that a single vibration signal component cannot

Fig. 27 The first three orders of the IMF component envelope of the
signal in the oil deficiency condition

Fig. 28 Temperature rise curve of the bearing outer ring

accurately diagnose the state of the bearing. To achieve an
accurate diagnosis of the bearing oil deficiency, it is neces-
sary to combine the temperature characteristics to diagnose
it, and the temperature rise of the outer ring of the bearing
under oil deficiency is shown in Fig. 27.

The experimental bearing speed is set to 10,020 r/min,
the room temperature is 22 °C, the absolute bearing tem-
perature value under normal conditions is 36 °C, and the
preset temperature confidence interval for healthy operation
of the motor bearing is [10, 10] °C. As seen from Fig. 28,
the temperature rise of the bearing under the state of oil defi-
ciency does not change much at the beginning. At this time,
the bearing wear degree is small, and the temperature rise is
slightly reduced. After 80 h of operation, the bearing temper-
ature rises rapidly, and after 145 h, the outer ring temperature
value of the bearing exceeds the upper limit of the bearing
temperature rise threshold, reaching the bearing temperature
rise alarm state. Therefore, the temperature rise of the outer
ring of the bearing under the state of oil deficiency can be
used to achieve the purpose of early warning.

In the defective state, the vibration signal for EEMD
decomposition, combined with the PCA-ANFIS fault diag-
nosis model, can be the bearing normal state and fault state
accurate classification to achieve the bearing state diagnosis.
In the state of oil deficiency, the bearing vibration signal and
temperature rise trend need to be combined to detect the fault
characteristics and issue a warning signal, providing a reli-
able guarantee for the safe and stable operation of the motor
bearing.
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5 Conclusion

This paper conducts a study on the early warning method of
bearing health diagnosis and establishes a secondarywarning
model based on the EEMD-PCA-ANFIS vibration analy-
sis model and bearing temperature rise trend. Through the
research done in this paper, the following conclusions are
obtained:

(1) The EEMD-PCA-ANFIS vibration signal bearing fault
diagnosis model was established, and the EMD hard
threshold method was used to reduce the noise of the
original vibration data, which improved the signal-to-
noise ratio of the vibration data. The PCA algorithm
was introduced into the vibration signal feature extrac-
tion, and through PCA dimensionality reduction, the
proportion of IMF pseudo components that existed
was reduced, and a set of optimal vibration feature
input parameters was obtained, which better solved the
ANFIS classification model with too many dimensions.
The results show that the vibration model based on
EEMD-PCA-ANFIS can accurately diagnose the nor-
mal state, inner ring damage state, outer ring damage
state and rolling body damage state of the bearing, and
the correct rate reaches 93.3%.

(2) A diagnostic model for the oil deficiency condition of
bearings based on the joint analysis of vibration and
temperature rise trends was designed. The results show
that there is no obvious vibration shock component in
the bearing in the state of oil deficiency, but the temper-
ature rise shows an obvious rising trend, using the joint
analysis model of vibration and temperature rise trend
can distinguish the bearing oil deficiency state from the
normal operation state and fault state, which improves
the accuracy of the comprehensive warning of the bear-
ing.

The method of bearing fault warning based on vibration
signals and temperature rise trends proposed in this paper is
not only applicable to general motor bearings but can also be
applied to other rotating machinery and equipment, which
improves the accuracy of bearing operation monitoring and
fault warning and lays the foundation for the realization of
intelligent fault warning algorithms with multi-information
fusion.

The method proposed in this paper has limitations in the
following aspects.

(1) EEMD can effectively suppress modal confusion, but
when the amount of analysis data is particularly large,
the EEMD decomposition time is long and the diag-
nostic timeliness is poor. If the EEMD algorithm is

improved, the efficiency of the diagnosis of bearing
faults can be improved.

(2) This paper analyzes and diagnoses single-point faults
of motor bearings without studying compound faults,
while under actual working conditions, bearings gen-
erally exhibit multiple fault characteristics instead of
a single mode. Therefore, incorporating the composite
diagnosis technology of multiple faults into the fault
diagnosis of motor bearings is one of the key contents
to be studied in the future.
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