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 A new method was proposed to find the characteristic parameters of the vibration induced 
by the friction and wear of a sliding bearing.  The parameters were obtained from the data of 
vibration signals using vibration sensors and processed with the continuous wavelet transform 
(CWT) and image technology.  We collected the vibration signal of a ZCHSnSb8-8 bearing alloy 
and drew three-dimensional images with the time-frequency spectrum.  Then, the important 
features were extracted by image segmentation technology.  The parameters corresponding to 
the features were calculated with an algorithm to find the relationship between the parameters 
and the vibration characteristics.  The results in this study revealed that the parameters of the 
vibration signal quantitatively represented the vibration characteristics of the sliding bearing 
caused by friction and wear.  The new method is useful for assessing the health of a sliding 
bearing that has been deteriorated by the friction and wear of its friction pair.  

1. Introduction

 Sliding bearings are used to move two surfaces relative to each other without rolling contact.  
They are widely applied to machines that have rotating shafts.(1)  The vibration of a sliding 
bearing is unavoidable because of the wear of the friction pair in the bearing.  The wear causes 
common faults that affect the performance and operation of machines.  The conventional 
method of monitoring the extent of the wear is to analyze the surface morphology of the friction 
pair or analyze the lubricating oil.  The changes in surface morphology and oil properties 
help verify the extent of the wear of the friction pair.  The surface morphology of the friction 
pair is analyzed by electronic microscopy, scanning electron microscopy (SEM), and/or X-ray 
spectroscopy.  In this method, microstructures on the surface are observed and analyzed to 
assess the extent of the wear of the friction pair.  However, it is necessary to disassemble the 
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pair to observe the morphology.  The lubricating oil is analyzed to investigate the physical 
and chemical properties of wear particles.  The size and shape of the particles are analyzed to 
assess the extent of wear.  However, the lubricating oil must be sampled and sent to a lab for 
microscopic analysis.  To obtain the sample, the sliding bearing must be disassembled, which 
may affect the performance of the machine.  Moreover, the result of the analysis varies on how 
and where the oil is sampled.  
 Thus, a new method is required to monitor and diagnose the health of a sliding bearing by 
real-time analysis.  Many researchers have attempted to develop such a method using vibration 
sensors.  The vibrations of sliding bearings are caused by imbalance, misalignment, wear, and 
looseness that are generated by repeatedly rotating or reciprocating movements.  Vibration 
sensors detect the frequency, amplitude, and impact of the vibrations on the key components of 
machines such as motors, bearings, and gears.  These parameters provide valuable information 
to diagnose faults and monitor the condition of sliding bearings.  To obtain the parameters, 
the data from the sensors are processed to extract and study information on the wear.  This 
process needs the laws of vibrations to obtain the intrinsic relationship between the data and the 
parameters.(2)  

 Researchers have proposed various methods based on the power spectrum,(3) empirical 
mode decomposition (EMD),(4) and single fractal and multifractal spectra(5,6) to obtain 
information on the health of machines affected by vibrations.  These methods have the 
following limitations: (1) power spectrum analysis cannot provide the time domain information 
of vibration signals; (2) pattern aliasing occurs when EMD methods are used to decompose the 
vibration signals into several eigenmode components to obtain failure frequency components; (3) 
in methods based on single and multifractal spectra, the method of calculating the fractal scale-
free interval affects the accuracy of the results, and the fractal algorithm is complicated and 
difficult to realize.(6–9)  
 Therefore, some researchers have proposed the use of secondary images obtained from 
these methods to diagnose the health of sliding bearings.  In this method, statistical parameters 
are extracted from histograms and images, giving information on the friction and wear of the 
bearings with fewer computations.(10–14)  However, the secondary images cannot be directly 
processed to extract the parameters, and the noise of the images is not eliminated effectively.  
 To solve the problems of previous methods, we propose time-frequency image processing 
using the continuous wavelet transform (CWT) as a quantitative analysis.  This method uses 
segmented images to eliminate noise and extract parameters efficiently.  In addition, the method 
enables vibration signals from a group of machines to be obtained and analyzed simultaneously.  

2. Methods

 We used an MMW-1 vertical universal friction and wear tester manufactured by Jinan 
Liangong Testing Technology Co., Ltd.(15)  to test a sliding bearing made of ZCHSnSb8-8 
tin-based alloy.  We used a ring-type friction pair with a ring on the upper side and a disk on 
the lower side.  The sliding bearing was made of a 45# steel block.(16)  The disk had a diameter 
of 32 mm and a thickness of 10 mm.  The average roughness (Ra) of the surface of the disk 
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was 0.12 μm, and the surface hardness was 24 HV according to a Vickers hardness test.  The 
ring  had the outer and inner diameters of 28 and 25 mm, respectively, and a thickness of 5 
mm.  Ra was 1.0 μm and the hardness was 315 HV.  The test conditions were as follows: the test 
speed was 300 revolutions per minute (rpm), the test load was 120 N, the running time was 20 
min, and immersion lubrication was used as the lubrication method.  The torque and frictional 
vibrations were recorded every 2 min.  The surface morphology of the bearing after the test was 
measured using a metallographic microscope.  Wear particles were analyzed using an FTP-X2 
spectrometer and an OLYMPUS BX40 microscope.  The vibration signal generated during 
the test was collected with INV YJ9A7024 and YJ9A7022 acceleration sensors and a Beijing 
Oriental INV306U vibration signal test system with a sampling frequency of 5.12 kHz.  
 Tests were carried out with two different lubrication methods: test A with immersion 
lubrication and test B with boundary lubrication using CD40 lubricating oil.  A schematic 
diagram of the test is shown in Fig. 1.

3. Calculation of Parameters from Vibration Signals

3.1 Combined sensor signals

 We installed a vibration accelerometer sensor to obtain the data of vibration signals, which 
were induced by friction and wear.  The position and orientation of the sensor are important 
for obtaining information effectively.  We placed the sensor as close as possible to the contact 
position of the ring and the disk to maximize the intensity of the vibration signals obtained 
from them.  Vibration signals in both the tangential and normal directions were collected 
simultaneously.  It was found that the tangential and normal vibration signals had a strong 
correlation.  Thus, signals in these two directions can be fused by the vector synthesis method.  
The fused sensor signal from the two directions provided more information on the vibration 
than the signal from only one direction.  Figures 2(a) and 2(b) show the signals from the sensors, 
while Fig. 2(c) shows the fused signal.  

Fig. 1. Schematic diagram of test.
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3.2 CWT time-frequency images

 To obtain information on the health of the friction pair from the wear status, we used 
time-frequency images (TFIs) from which the parameters of the vibration were calculated.  The 
measured signals were nonlinear and nonstationary with a wide distribution of the vibration 
frequency.  The Morlet wavelet was adopted for the CWT of the vibration signals.(17)  The 
CWT is usually used to characterize frictional vibration by analyzing the signals of different 
frequency intervals through scale expansion and contraction.  The CWT in this study is 
expressed as

 1/2 *
,( , ) , ( ) , 0a b

t bW f a b f a f t dt a
aψ ψ ψ

+∞−
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− = =   ≠ 
 ∫ , (1)

where ψ(t) is the parent wavelet used as the Morlet wavelet, * is the conjugate operation, and a 
is a scale factor corresponding to the frequency fa.  Here, fa is defined as

 c s
a

f ff
a
×

= , (2)

where fc is the central frequency of the parent wavelet, fs is the sampling frequency, b is a time 
shift factor that corresponds to time t, and f(t) is the signal to be analyzed.  By changing the 
scale factor and the time shift factor, f(t) is analyzed in different frequency and time domains.

Fig. 2. (Color online) Vibration signals. (a) Tangential vibration signal. (b) Normal vibration signal. (c) Fused 
signal from tangential and normal vibration signals.

(a) (b)

(c)
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 The time-frequency spectrum is a joint function of time and frequency.  It describes the 
vibration intensity or the energy density of vibration signals at different times and frequencies.  
In accordance with the above analysis, the energy spectrum of the CWT is defined as

 
2

( , ) ( , )a aS t f W f f tψ ψ= . (3)

 The three-dimensional surface spectrum and its equivalent formed by the energy spectrum 
of the CWT are used to characterize the time-frequency property of the signal on the time-
frequency phase plane.  Figure 3 shows TFIs of the frictional vibration generated by the CWT 
method.  Figures 3(a) and 3(b) correspond to the three-dimensional time-frequency spectrum 
and isochronal spectrum of frictional vibration signals of test A (with immersion lubrication), 
while (c) and (d) correspond to those of test B (with boundary lubrication), respectively.  The 
comparison of the TFIs of the two tests with different lubrication methods revealed significant 
differences in energy intensity, spatial texture, and geometry.  
  
3.3 Characterization of vibration signals

 The above images reveal areas of different energy and frequency characteristics.  These areas 
are some small discrete parts of an entire TFI, having meaningful information to be analyzed.  
Thus, we applied image segmentation based on the grayscale and geometrical distribution to the 

Fig. 3. (Color online) CWT TFIs of frictional vibration signals. (a) 3D surface TFI. (b) Equivalent TFI. (c) 3D 
surface TFI. (d) Equivalent TFI. [(a), (b) from test A and (c), (d) from test B].

(a) (b)

(c) (d)
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TFIs.  The segmented image was divided into several disjoint areas, with similar geometrical 
distribution characteristics in the same area, but significant differences among the areas.(18)  

This method based on the gray-level threshold enabled the calculation to be simple with high 
operation efficiency.  In this study, we used the Otsu threshold segmentation method for the 
CWT TFIs, which maximizes the variance between the areas and the background.  Figure 4 
shows the segmentation of the TFIs and the characteristics extracted from Fig. 3.  In the figure, (a) 
and (b) correspond to test A, and (c) and (d) correspond to test B.
 The comparison of Figs. 3 and 4 revealed that the image segmentation extracted information 
showing the dominance of energy in the TFIs.  The background noise was suppressed and 
the useful information was retained.  In addition, from the results of the tests on frictional 
vibrations shown in Figs. 4(b) and 4(d), the morphological and spatial characteristics showed 
significant differences in frequency and energy in the two tests.  Thus, we used the results from 
the CWT TFIs obtained in the two tests to calculate parameters to quantitatively analyze the 
vibration of the sliding bearing.

3.4 Parameters of vibration signals

 Using the CWT with the image segmentation method, we obtained some segmented objects 
with shape and spatial distribution characteristics of the vibration signals in the time and 
frequency domains, and calculated the volume, number, and expected volume of segmented 
objects of the signals in the frequency-energy domain as follows.  

(a) (b)

(c) (d)

Fig. 4. (Color online) Results of CWT TFI segmentation. (a) Segmentation results. (b) Characteristic objects. (c) 
Segmentation results. (d) Characteristic objects. [(a), (b) from test A and (c), (d) from test B].
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Volume of the signals (Vm)
 The volume of a vibration signal is equal to the maximum volume of segmented objects.  If 
the function of the gray area is defined as f(x, y), the maximum volume is calculated as
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where f(x, y) represents the energy distribution of the frictional vibration at time x and frequency y.
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 Equation (5) indicates that the maximum area of the vibration signal in the time-frequency 
domain reflects the distribution of the energy-dominated vibration at the threshold τ level.  
The threshold τ is satisfied to maximize the variance σ2

B between the vibration signal and the 
background noise.  Here, the variance is defined as 

 σ2
B 2 2 22
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where w0, w1, μ0, and μ1 represent the normalized area of the segmented object, the normalized 
area of the background noise, the average energy of the segmented object, and the average 
energy of the background noise in the time-frequency domain, respectively.  The maximum 
energy variance σ2

B between the two areas represents the optimal separation of the areas.  The 
corresponding vibration signal is optimally separated from complex signals.  According to 
the above analysis, Vm is equal to the energy of the most severe vibration in a certain period, 
representing the extent of the frictional vibrations.

Number of segmented objects of vibration signals (N)
 The number of segmented objects of frictional vibration signals over a period of 
measurement (N) is counted in Di, a region where the energy is concentrated.  The areas with 
the highest energy were found to exhibit the vibration induced by friction.  When N increases, 
the energy becomes more concentrated.  

Expected volume of vibration signals (Vmean)
 The expected volume of the vibration signals is defined as

 
1
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= ∫∫  represents the total energy of the signals Di in an energy-

concentrated region and N is the number of objects.  Therefore, Vmean represents the average 
energy generated by each vibration.  The expected energy is the average energy and intensity of 
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the vibration.  The larger the expected energy is, the larger the average energy of the vibration 
and the more severe the vibration.

4. Results and Discussion

4.1 Test results 

 The time-frequency spectrum of frictional vibration signals obtained by the CWT method 
was plotted, and the vibration features were extracted by the Otsu method to calculate the 
parameters.  Figure 5 shows the relationship between the parameters of the frictional vibration 
in the two tests.
 Figure 5 shows that Vm in test A was large at the beginning of the test and decreased to reach 
its lowest value at 4 min, then fluctuated between 6 and 18 min.  In test B, Vm decreased with 
time and stabilized after 14 min.  In general, Vm was greater in test B than in test A.  N was 
small for the first 2 min in test A, then increased rapidly.  Its value fluctuated between 4 and 
14 min and fell to a minimum level at 16 min, after which it was relatively stable.  The initial 
N in test B was larger than that in test A, then N rapidly decreased at 4 min and was smaller 
than that of test A between 4 and 14 min.  The value remained relatively stable and then began 
to increase.  Vmean in test A was larger than that in test B at the beginning of the test, and then 
rapidly decreased to a minimum value at 4 min, after which it stabilized, before increasing 
rapidly after 14 min.  Vmean in test B was larger than that in test A between 4 and 14 min, and 
smaller than that in test A after 14 min.

(a) (b)

(c)

Fig. 5. (Color online) Parameters as functions of test time.
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 The results imply that at the beginning of the tests (before 4 min), the frictional vibrations 
of the two tests were initially severe but decreased with time.  The number of vibrations in test 
A was less than that in test B for the first 4 min, and then increased with time and was larger 
than that in test B between 4 and 14 min.  The vibration was severer in test B and the number 
of vibrations decreased with time after the beginning of the test.  The energy of the vibration 
in test A was larger than that in test B at the initial phase but became smaller than that in test B 
between 4 and 14 min.
 The variations of the parameters in the two tests were consistent with the extent of wear 
of the sliding bearing.  Because the bearing was boundary-lubricated in test B, the lubrication 
quality was poor, resulting in boundary friction.  At the initial stage of the test, the surface 
of the friction pair was rough with a large number of micro-convex peaks.  The frictional 
contact of the two surfaces was point-to-point to yield the peaks in the vibration signals.  The 
movements of the friction pair caused the collision of micro-convex peaks.  This generated 
abrasion and scratches, which caused severe vibrations, and the micro-convex peaks were 
quickly worn away at the beginning of the tests.  Then, the intensity of the frictional vibration 
decreased.  The boundary lubrication in test B caused serious adhesion at the initial stage 
of running-in, generating a large number of abrasive grains.  In the middle of the tests, 
the running-in efficiency in test B was lower than that in test A owing to poor lubrication, 
producing fewer but larger abrasive grains in test B than in test A.  Large abrasive grains 
generated a large vibration energy.  The efficient lubrication in test A allowed the early wear 
of the friction pair to be moderate and prevented adhesive wear from occurring.  In this case, 
the worn particles were fine, so the vibration was not severe, and the number of wear grains 
increased after the initial stage because of the significant grinding action of fine particles in test A.  
 Figure 6 shows the surface morphology of the bearings observed under a microscope after 
the tests.  In test B with boundary lubrication, wear marks were prominent and furrows were 
wide and deep with an uneven distribution.  This indicates that the wear particles are large, 
the wear is severe, and the running-in efficiency is low.  However, in test A with immersion 
lubrication, the friction surface is relatively clean with shallow and narrow scratches, which 
indicates a large number of small and uniform wear particles.  Thus, the wear intensity is 

Fig. 6. (Color online) Surface morphology of bearing alloy samples (100× magnification). (a) Test A. (b) Test B.

(a) (b)
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relatively moderate and the running-in efficiency is higher than that in test B.  This result is 
consistent with the volume, number, and average volume of vibrations.  In conclusion, the 
parameters Vm, N, and Vmean characterize the frictional vibration signals and the wear of the 
sliding bearing.

4.2 Comparison with other methods 

 Previous research on frictional vibration signals mainly analyzed the spectral characteristics 
of vibrations.  However, it was difficult to assess the extent of the wear and the health of a 
friction pair.  Table 1 shows a comparison of the information obtained from the CWT with 
image segmentation and that obtained from other methods.  The method proposed in this study 
provides information in the time and frequency domains.  As pointed out earlier in this paper, 
power spectrum analysis cannot obtain time domain information, and EMD and fractal analysis 
can only obtain time and frequency domain information.  However, quantitative analysis is 
enabled only by the CWT with image segmentation.  

5. Conclusions

 In this study, we showed that the CWT with image segmentation is an effective method 
of monitoring the friction and wear behavior of friction pairs because time-frequency images 
contain abundant information on frictional vibrations.  Image segmentation with the CWT- 
extracted information on the frictional vibration of a slide bearing in the time-frequency domain 
using a simpler algorithm and fewer computations than other methods.  The obtained parameters 
Vm, N, and Vmean represented the extent, frequency, and energy of frictional vibrations, 
respectively, and these parameters can be used to characterize the extent of the wear of sliding 
bearings quantitatively.  The proposed method overcomes the disadvantages of conventional 
methods and does not require the machine under test to be stopped or disassembled.  This 
method is expected to enable the real-time monitoring of the wear of a friction pair.  The 
application of vibration sensors and the analysis of the vibration signals obtained from them will 
provide a new way to monitor the friction and wear of friction pairs.
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Table 1
Comparison with other methods of analyzing frictional vibration.

Method Time domain 
information

Frequency domain 
information

Spatial 
characteristics

Quantitative 
analysis

No. of 
computations

Power spectrum analysis(2) N Y N Y Small
EMD(3) Y Y N N Small
Fractal analysis(7,10) Y Y N N Large
CWT with image segmentation Y Y Y Y Small
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