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ABSTRACT: This article provides a thorough review of the advancements in acoustic
emission (AE) technology used for monitoring journal bearings. First, the AE sources
generated from journal bearings under different lubrication regimes are classified and
discussed. Next, a comparative analysis of parametric analysis, waveform, and artificial
intelligence recognition methods for bearing AE signal analysis is conducted,
highlighting their respective principles, pros and cons, and applications. Additionally,
an overview of physical models representing AE waves on relatively sliding surfaces is
provided from the wave generation mechanism perspective, and each model’s
applicable conditions are compared. Finally, an in-depth discussion is presented, and

future research directions are highlighted.
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1 Introduction

Research on condition monitoring and early fault diagnosis of
lubricated rotating machinery has increased significantly over the
past several decades. The relative sliding components, such as
gears, bearings, seals, etc., are separated by a lubricating film that
minimizes friction and wear [1-5]. Among these critical parts,
journal bearings—used in internal combustion engines, steam
turbines, compressors, and ship propulsion shafts—have been
widely used in rotating machines as the most typical lubricated
components [6-8] due to their increased rotation accuracy and
extended service life [9]. More recently, journal bearings have also
been incorporated into the planetary gearboxes of advanced
aircraft engines and wind turbines [10]. In practice, journal
bearings often operate under heavy loads or at high rotational
speeds for extended periods. As a result, friction and wear on
journal bearings operating under such extreme conditions are
inevitable and must be closely monitored.

The unique structure of journal bearings dictates that the
condition of the lubricating oil film is crucial for determining the
lubrication regimes and evaluating the bearing’s early faults.
According to statistical data, faults related to the oil film account
for up to 70% of journal bearing failures [11]. When lubricant
quality deteriorates due to contaminants, the tribo-film can
partially rupture, and consequently, adhesive wear, abrasive wear,
surface fatigue wear, and elastic or plastic deformation will occur
step by step [12—-15]. Therefore, practical techniques are urgently
needed to identify these faults. Traditional condition monitoring

techniques include wear debris, thermography, vibration, and
spectrometric oil analysis [16-18]. Impedance and ultrasonic
technologies are also widely used to measure the oil film thickness
between sliding surfaces [19-21]. Each method has advantages
and limitations when applied to the condition monitoring of
journal bearings. The limitation of temperature analysis lies in the
slow diffusion of heat, which reduces its sensitivity for the early
fault. Vibration analysis is the most widely used method in
rotating machinery fault diagnosis because of its nondestructive
test (NDT) capabilities [22—-24]. However, detecting the early
stages of weak abrasive wear in journal bearings and capturing
high-frequency fault information at the initial stages are
challenging. Oil analysis is the most accurate method for detecting
oil contaminants, but it is typically limited to offline
measurements, which involve considerable time and equipment
costs. Advanced spectrometric oil analysis has facilitated online
monitoring of wear debris by integrating a complex lubrication
monitoring system. However, this method does not provide
comprehensive information on the condition and characteristics
of degraded lubricants. Unlike traditional impedance methods,
ultrasonic detection does not require modifications to the friction
pair surfaces. Additionally, its penetration capability addresses the
limitations posed by the light transmission requirements of optical
methods. While ultrasonic technology is primarily used for the
nondestructive testing of materials and components, it has certain
limitations in monitoring the progression of faults over time.

These methods have certain limitations in real-time monitoring
of journal bearing faults, particularly in capturing early fault
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Nomenclature
A, Amplitude of AE signals
Ay Apparent deformation area
a, Asperities radius
B Coefficient obtained by b = (1 + r,/r,)/r,
D, Density of asperities
Dsym  Total number of asperities per unit area
d Distance between the average planes of the surfaces

Young’s modulus

F Average friction force

F, Calculation coefficient with a force dimension
Fiot Total force pressing the surfaces

Fy Normal load

G Parameter of the surface's fractal roughness

H Hardness of the material

h¢ Lubricant film thickness

ho Nominal height

Gasp Time-varying height

€ “Noise” in the system

o Standard deviation of random functions z(x)
Abbreviations
AE Acoustic emission

ANN  Artificial neural networks
ANN-GA Artificial neural networks with genetic algorithms
BL Boundary lubrication
CNN  Convolutional neural networks
CWT  Continuous wavelet transform
DNN  Deep neural networks
FAS Fluid-asperity shearing
HL Hydrodynamic lubrication

I Area moment of inertia
K. Electromechanical conversion factor of a piezoelectric transducer
k Wear coefficient
ke Portion of the elastic strain energy converted to AE pulses
Greek symbols
o Ratio of standard deviations
B Coefficient of temperature

ki Gain of the ae measurement system
M Hertzian contact modulus
N Average number of contact zones
Niot Total number of contacting asperities
Nag Count rate of AE
P, P, Plastic load and elastic load
P Average pressure
R, R, Radii of the spherical shapes as the contacted asperities

Curvature radii and the equivalent curvature radii of

R, R contacting asperities
R Hertzian curvature
N Distance between tape and specimen
Ug, Ug Energy and energy release rate of the elastic deformation
Vrums Voltage of ae signals
\ Volume of material lost during the abrasion process
v Speed of the relative sliding
W, W, Energy and power of the material removal
w Normal load
. Total energy and energy release rate of the asperity’s
Usum» Usum  deformation
Z Impedance of the measurement system
Zs Height of asperities
u Viscosity of the lubricant
Shear stress
[} Standardized height distribution
¢ Random initial phase angles

Spatial frequency, center frequency, and width of each
Xi> Xmiai»AXi  frequency interval

k-NN k-nearest neighbors

LSTM Long short-term memory
ML Mixed lubrication
NDT Nondestructive test
PSD Power spectral density
RMS Root mean square
RUL Remaining useful life
SNR Signal-to-noise ratio
SVM Support vector machine

information and tracking dynamic fault progression. The acoustic
emission (AE) technique, as an NDT method, is sensitive to the
rapid release of local energy during the processing of elastic and
plastic deformation, e.g, sliding friction, material delamination,
crack growth, and fluid friction [25-27]. In the 1950s, Joseph
Kaiser pioneered AE technology to investigate the “sounds”
generated during tensile tests on metallic samples [28]. The
development of modern AE instruments has led to extensive, in-
depth research on AE source mechanisms, wave propagation, and
acoustic emission signal analysis. Consequently, the application
scope of AE technology has significantly expanded, particularly in
the condition monitoring of gears, bearings, seals, and other
lubricated rotating machinery [29-32]. For journal bearings, the
first AE signal analysis was performed in 1985 by Sturm and
Uhlemann [33]. Various studies have subsequently introduced the
superiority of the AE technique in the application of journal
bearing fault diagnosis [34, 35].
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In this work, various failure modes of journal bearings are
investigated to analyze the effective application of AE technology
in journal bearing condition monitoring. It introduces appropriate
signal processing methods for extracting fault features across
different failure types by examining the correlation between AE
sources and specific failure modes in journal bearings. A
comprehensive review of recent advancements in AE models is
presented, with a focus on the mechanical processes and physical
principles involved. Additionally, by comparing data-driven
models with theoretical models, the advantages and challenges of
AE technology in diagnosing journal bearing faults are
highlighted.

The rest of this work is organized as follows. The sources of the
AE signals from the journal bearings and the fault modes of the
bearings are presented in Section 2. The processing techniques for
the AE signals and the derived AE models are introduced in
Sections 3 and 4, respectively. An in-depth discussion of the
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advantages and challenges associated with applying AE
technology in the condition monitoring of journal bearings is
provided in Section 5. The main development trends of the
application of AE technology to journal bearings are also analyzed.
Finally, Section 6 summarizes the conclusions regarding the use of
AE techniques for the condition monitoring of journal bearings.

2 Source of AE signals related to journal bearings

2.1 Classification of journal bearing failures

A lubricated journal bearing generally consists of three main parts:
the journal, the bearing, and the oil film. During operation, the
surfaces of the journal and bearing slide over a thin oil film, which
reduces friction and removes heat from the bearings. The
lubrication regime depends on the thickness of the oil film, which
varies due to the combined effects of the load, rotating speed, and
rheological properties of the lubricant. In the hydrodynamic
lubrication (HL) regime, the relatively sliding surfaces are entirely
separated by the oil film. In the mixed lubrication (ML) regime,
there is partial contact between solid surfaces, while in the
boundary lubrication (BL) regime, the relative sliding surfaces
come into direct contact with each other. Journal bearing failures
can generally be caused by many factors [36]. The transition
between lubrication regimes is the primary reason for the different
degrees and forms of journal bearing failure, particularly under
inadequate lubrication conditions [37].

Practically, the incipient failure of journal bearings occurs in an
entire film lubrication regime, such as friction wear caused by the
elastic deformation of asperities on sliding surfaces [40, 41], as well
as cavitation corrosion resulting from cavitation phenomena and
water contamination. The lubricant further deteriorates as the
lubrication regime transitions to the ML and even BL regimes,
resulting in faults. For example, failures of journal bearings in the
IC engine crankshafts can generally be categorized into
tribological failures and mechanical failures [38]. The former
comprises abrasive wear from scratches and scoring, adhesive
wear caused by wiping and seizure, surface fatigue wear, flow and
discharge cavitation wear, corrosive wear, and erosive wear. The
latter primarily involves plastic deformation and fracture. In
addition, the faults of journal bearings in other machines manifest
as fretting, electrical pitting, chemical corrosion, thermal fatigue,
and other issues [42]. The diagram in Fig. 1 illustrates the
predominant types of faults and their corresponding occurrence
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SF—surface fatigue wear
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S CH—chemical
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Fig.1 Percentages of failures in bearings and industry [38, 39].
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percentages. The main failures in crankshaft bearings and
industrial applications are abrasive and adhesive wear [38, 39].
Figure 2 shows the failure macrograph of the journal bearings.

2.2 Source of AE signals from journal bearings

Acoustic emission refers to the phenomenon where strain energy
is quickly released as elastic waves generated by the deformation
or cracking of materials or components under stress [43—46]. The
elastic wave source directly related to the deformation or fracture
mechanism is commonly referred to as a typical AE source. Other
sources indirectly associated with deformation or fracture
mechanisms are referred to as secondary AE sources, such as fluid
leakage, friction, impact, and combustion [35, 47-49]. Owing to
the multiphysical nature of tribological interactions, these
behaviors involve mechanical contact and the application of
various loads (mechanical, thermal, electrical, and environmental)
on two surfaces with different roughnesses [50] and material
microstructures [51], as shown in Fig. 3. On the basis of molecular
lattice theory, the mechanism underlying AE generation from
relative sliding surfaces is demonstrated in Fig. 4.

For journal bearings, the AE sources critically depend on the
condition of the lubricant tribo-film. On the basis of the Stribeck
curve illustrated in Fig. 5, the AE sources mainly include friction,
abrasive wear, adhesive wear, cyclic fatigue, and cracks in both BL
and ML regimes [53, 54]. Figure 6 shows the AE response
generated from adhesive wear, abrasive wear, and fluid—asperity
shearing, which are typical AE sources in journal bearings. The
occurrence of adhesive wear is attributed to adhesion and
breakage at the contact interface. The AE mechanism is related
mainly to plastic deformation and atomic movement processes,
which depend on the Frank-Read mechanism. With the
appearance of twinning and grain boundary sliding, there is an
increase in the accumulation of wear elements on the sliding
surfaces, which can intensify adhesive wear by forming transfer
particles. Therefore, the primary cause of AE wave generation
resulting from adhesive wear lies in the presence of these wear
elements and transfer particles, as shown in Fig. 6(a). AE sources
are related to damage mechanisms associated with the origin and
accumulation of microscopic defects, crack initiation and
propagation, and corrosion-induced cracking. Generally, the
mechanisms of adhesive wear and abrasive wear tend to coexist.
Figure 6(b) illustrates the AE source during abrasive wear. The
abrasive wear process involves shear fracture and plastic
deformation on sliding surfaces in relative motion. Compared
with plastic deformation, shear fracture releases more strain
energy and represents a nonhomogeneous deformation process
that occurs rapidly. Consequently, shear fracture is the primary
source of AE waves generated from abrasive wear [37]. The AE
source in the HL regime, where an oil film completely separates
the relative sliding surfaces, is particularly interesting. Figure 6(c)
presents the process of AE wave generation based on three pairs of
asperities with different heights on the sliding surfaces. On the
basis of the calculation of the shearing force, the sizeable shearing
force is caused by a small thickness as the viscosity and speed are
constant, as illustrated by the symbol F. With the variation in
shear force, the energy in the asperities progressively accumulates
and subsequently releases, leading to the generation and
propagation of AE waves, which is visually represented by the
presence of half-red circles in the figure. On the basis of the AE
technique, this conclusion has practical implications for estimating
initial failures occurring in journal bearings.

The occurrence of wear and metal wipes in journal bearings,
particularly common bearing wear caused by the gradual scraping
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Fig.2 Failure forms of journal bearings. Reproduced with permission from Ref. [38] for (a), (b), and (h-j), © Elsevier Ltd. 2014.
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Fig.3 A scheme representing multiphysical nature of tribological interactions. Reproduced with permission from Ref. [51], © Elsevier Ltd. 2018.
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issue resulting from direct contact between the journal and
bearing surfaces. Therefore, the research has shifted toward the
" Energy release states of the ML and BL regimes, which result from the contact
processing of sliding surfaces when the tribo-film ruptures.
Regarding the impact of the absence of a lubricating oil film on
AE sources, Bonnes et al. [56] conducted a study using a ball-on-
rod testing platform to examine the relationship between AE and
wear under dry friction and lubricated sliding conditions. Their
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Fig.4 AE response from relative sliding surfaces [52].

o A research confirmed that AE generated under oil-lubricated
é Boundary Mixed-lubrication Hydrodynanic conditions is associated with the adhesion process, whereas in the
g Load absence of lubrication, AE results from abrasive wear. Sturm and
é Uhlemann [33] employed the AE technique to investigate the
s lubrication state of plain bearings, demonstrating its potential for
&Sspeed detecting the transition from the fluid to the ML regime. Similarly,
Ziegler et al. [57] examined the AE sources in sliding bearings

subjected to varying loads and temperatures. Their findings

revealed that, compared with hydrodynamic friction, solid friction

> had a more significant effect on the AE response. Couturier and

(Viscosity-speed)/load Mba [58] explored the relationships between rotating speed, load,

Fig.5 Stribeck curve. film thickness, and the AE response. Furthermore, Ziegler et al.
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Fig.6 AE sources from (a) adhesive wear, (b) abrasive wear, and (c) fluid-asperity shearing (FAS). Reproduced with permission from Ref. [37] for (a, b), © Elsevier Ltd.

2012; from Ref. [55] for (c), © Elsevier Ltd. 2021.

[59] examined the influence of the Sommerfeld number on the
AE response, highlighting the clear effect of shear rate intensity on
AE activity. Albers and Dickerhof [60] focused on AE generated
by solid-body frictions in journal bearings and concluded that the
AE characteristics were particularly sensitive to high-frequency
components. Nagata et al. [61] conducted start—stop tests on plain
bearings made from various materials in crankshafts, assessing the
role of AE in condition monitoring of lubricated bearings. In
another study, Bergmann et al. [62] investigated the mechanisms
of friction and wear, demonstrating the applicability of several AE
evaluation parameters that exhibited a strong correlation with
these phenomena. Schnabel et al. [63] examined the dependency
of AE response on increasing speed and contact time depending
on the Hertzian impact and tensile tests. They reported that the
key temporal dependencies of AE were related to contact time,
event frequency, and AE amplitude. Additionally, Hu et al. [64]
extensively investigated the influence of the microscopic
morphology of relative sliding surfaces on the AE response. They
reported that the primary AE source was the summit of the upper
component of a bi-Gaussian stratified surface when the relative
sliding surfaces made contact.

In addition to operational conditions, the properties of the
lubricant play a crucial role in the formation of the tribo-film,
which can significantly influence the wear process and potentially
lead to damage in both the journal and the bearing. Factors such
as the temperature and contamination level of the lubricant also
significantly affect this process [65]. Towsyfyan et al. [66]
conducted experiments on a rotor-bearing rig using lubricants
with three different viscosities and investigated the AE signals
generated from asperity contacts in mix-lubrication. Under
identical loads and speeds, Mokhtari et al. [10] investigated the
correlation between changes in oil viscosity and the AE response.
Moshkovich et al. [67] conducted specialized studies to achieve a
transition from elastic-hydrodynamic lubrication to BL regions
and investigated the interaction between friction and AE
parameters for materials with varying stacking fault energies. The
primary cause of early journal bearing failure is lubricant
contamination, which adversely affects a bearing’s performance
over a long period of time [68]. The classical contaminants are
particle contamination and water contamination. The presence of
unwanted particles in the oil film regime can cause surface
damage to both the journal and the bearing [69]. Poddar and

https://doi.org/10.26599/FRICT.2025.9441080

Tandon [11] investigated the impact of lubricants contaminated
with particles of varying sizes and volumes on the behavior of
journal bearings. They quantified the correlation between these
contaminants and AE responses through a detailed evaluation.
Their findings indicated that the primary AE source was three-
body abrasion caused by particle-contaminated bearings.

In the HL regime, researchers have also conducted studies to
analyze the AE sources at the relative sliding interfaces. Towsyfyan
et al. [70] illustrated the AE energy discharge across different
lubrication regimes in mechanical seals. They reported that
viscous friction was the primary source of AE signals when the
surfaces of the mechanical seals were fully separated by the fluid.
Additionally, Wei et al. [71] analyzed the AE responses at the
lubrication interface between the engine ring and liner and
reported that the AE behavior was generated by the fluid-asperity
shearing process. For journal bearings, Mirhadizadeh and Mba
[74] performed a series of tests to assess the acoustic emission
activity in a hydrodynamic bearing under various operating
conditions, establishing an initial correlation between the AE
response and these conditions. Ma et al. [55] investigated AE
generation in the HL regime using a rheometer rig for testing.
They concluded that the AE response was due primarily to
dynamic fluid-asperity shearing during the operation of journal
bearings in the HL regime.

According to previous studies, the correlation between AE
sources and journal bearings’ conditions is summarized in Table 1.
This research focused primarily on the impact of operating
conditions on the BL and HL regimes, utilizing AE techniques.
The information extracted from the ML regime and lubricant
contaminants plays a pivotal role in condition monitoring and
early fault diagnosis of journal bearings in practical applications.
Therefore, acquiring this critical information requires further
research and the development of advanced techniques and
methodologies.

3 AE signal analysis and processing

3.1 Characteristics of AE signals

The waveforms of AE signals can be classified into two types:
burst AE signals and continuous AE signals, as shown in Fig. 7.
The former is sporadic and temporally separable, whereas the
latter exhibits continuous variations over time in the case of
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Table1 AE generated from journal bearings

Lubrication condition Source for AE Effect parameter Refs.
o o . Rotating speed, load, viscosity  [56, 60, 61, 63, 72]
Boundary lubrication Solid friction, surface fatigue wear, fracture, hot short
Surface materials [62, 64, 67, 73]
Mix-lubrication Solid friction, fluid friction, fretting, abrasive wear, flow cavitation, Rotating speed, load, viscosity (33, 53, 57, 64]

discharge cavitation, plastic deformation

Hydrodynamic lubrication

Fluid friction, plastic deformation, fluid-asperity shearing,
corrosive wear, erosive wear

Rotating speed, load, viscosity  [10, 55-57, 74-77]

[11, 65, 69]

Lubricant contaminations

persistent AE signals. Initially, AE signals were utilized to detect
faults arising from sliding friction or wear [78-81]. For journal
bearings, poor operation may result in the generation of bursts
and continuous AE signals. The Hertzian contact stress leads to
burst AE signals, which are caused by the relative motion and
rubbing between the relative sliding surfaces of the journal and
bearing, and failures, including surface cracks, adhesive wear,
abrasive wear, indentations, grooves, bites, etc., which occur due
to overloads and inadequate lubrication. In addition, the surface of
hard edges, contaminated particle lubrication, and pitting
corrosion caused by the shaft current produce burst AE signals.
The continuous AE signals generated by journal bearings are
attributed primarily to boundary lubrication and dry friction,
which occur due to the failure of the lubricating oil film and severe
contamination in the lubricants.

AE signals collected through AE technology contain fault
information that can be used to monitor and diagnose the
lubrication condition of sliding bearings [42]. The AE sources
generated within journal bearings release energy in the form of
pressure waves, which propagate through the solid surface and
can be detected by AE sensors, as shown in Fig. 8. Practically, the
sensors exhibit unique characteristics on the basis of their specific
structure and material properties. The frequency range of AE
waves is broad, spanning from infrasonic to ultrasonic
frequencies, ranging from several hertz (Hz) to several megahertz
(MHz). The amplitude varies greatly, ranging from microscopic
dislocation rotation to large-scale macroscopic fracture. The
sensor output can range from a few gV to hundreds of mV.
However, most signals are weak vibrations that require highly
sensitive sensors for detection. With the most sensitive sensors
available, surface vibrations as small as 10™ mm can be detected

(a)

(b)

Fig.7 Waveform of AE signals: (a) burst AE signal; (b) continuous AE signal.

Data acquisition

Pre-amplifier

AE sensor

W

Fig. 8 Acoustic emission detection system.
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AE source

[82]. In addition, the propagation of AE waves from the source to
the surface-mounted sensors can alter the characteristics of these
waves. Signal attenuation is an inevitable phenomenon during
transmission due to material damping, frictional losses, and
dispersion. Therefore, selecting appropriate signal processing
methods is critical for accurate signal analysis.

3.2 Methods of AE signal analysis

Although the acquired AE signals exhibit an enhanced signal-to-
noise ratio (SNR) owing to the continuous optimization of
preamplifiers and sensors, information extraction for fault
detection in journal bearings is challenging in boisterous
environments. Therefore, the AE signals need to be preprocessed
before extracting the features. Extensive research has been
dedicated to the effective processing of original AE signals, and
various techniques for processing and analyzing AE signals have
been established. To date, analysis techniques for AE signals
generated from the relative sliding surfaces in journal bearings are
summarized from the following three perspectives.

3.2.1 Parametric analysis method

Conventional methodologies for analyzing AE signals include
parametric analysis and waveform analysis. The parametric
analysis method encompasses the peak amplitude, ring count,
event count, duration, and door sill value, as illustrated in Fig. 9.
In addition, the statistical magnitude can be utilized for the
analysis of AE signals, including parameters such as the mean,
root mean square (RMS), standard deviation, energy, skewness,
and kurtosis in the time domain, as well as the mean frequency,
median frequency, and peak frequency in the frequency domain
[83-85, 117]. The formulas for these features are summarized in
Table 2.

In the time domain, the AE RMS is frequently employed to
analyze the AE signals generated from journal bearings during
feature analysis [37, 75, 86, 87]. Nagata et al. [61] conducted
start-stop tests and seizure tests and reported that the RMS of the
AE signals was suitable for the condition monitoring and
tribological properties of bearings. Gesella and Murawski [88]
carried out journal bearing tests under various shaft speeds and
loads and analyzed the characteristics of AE signals, including the

A

Rise time

A

Ring count
Threshold

’value

»

Amplitude

Ll
Time

Duration time

Fig.9 Parameters of AE waves.
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Table2 Calculations of the main parameters of AE signals [90—93]

AE parameter

Formula

Application in journal bearings

Peak amplitude Ypeak = max [y(n)| where yis the AE signal Refs. [53, 86, 92, 94-97]
N 2
YY)
Mean Ymean = nT Refs. [80, 98]
where N means the number of the data y
N 2 —
RMS B anl(y(n)) Refs. [37, 53, 61, 75, 76, 86, 87, 92, 94-96,
JRMS = =N 99-103]
N
Entropy YEntropy = — Z)’% log(yf,) Refs. [52, 103]
. . n=1
Time domain
N
Z ((n) _)’meem)4
YKurtosis = *YH(NT
. st
Kurtosis where the standard deviation is calculated by Refs. [52, 103, 104]
N
Z ((n) _}’meam)2
_ n=1
Ystd= \ "N

N
Skewness Yeew = ¥ (7(2) — Ymean) Ref. [92]

n=l1 (N - l)ygtd

K
) (k)
Mean frequency Ymf = k=1 T Refs. [92, 97, 105]

where Y means the frequency domain of AE signals y(n);

K is the number of spectral lines

K
; Y AY()
requency ) =
domain Median Ve ="K Refs. [52, 92, 104]
frequency Z Y(k) e
k=1
where f is the frequency value of the kth spectral line
1N
= P,P=—
Peak frequency JPE = Max £, N ,;)’fl Refs. [69, 92, 97, 99, 104]

where P is the power

AE RMS and the amplitudes of the AE signals. They also
confirmed the effectiveness of the AE technique in monitoring the
condition of journal bearings. The relationships between the
friction characteristics of journal bearings and features of AE
signals, such as the AE RMS, entropy, kurtosis, and median
frequency, were estimated by Mokhtari et al. [52]. They concluded
that these results can be used to predict the remaining useful life
(RUL) of journal bearings. Mirhadizadeh et al. [89] investigated
the impact of varying operating conditions on the AE signals
generated from hydrodynamic bearings, as shown in Figs. 10 and
11, and highlighted that the power loss is more sensitive to
changes in the AE level. Moreover, the parametric analysis
method focuses on analyzing the correlation between two
variables, including amplitude, duration, energy, RMS, and ring
count [63]. By examining the correlation diagram of AE
parameters, it is feasible to identify signals with distinct
characteristics.

3.2.2 Waveform analysis method

The waveform analysis method refers to a signal processing
technique that extracts information by analyzing the time-domain
waveform or spectral characteristics of AE signals. Currently,
waveform analysis relies primarily on the spectral information
obtained through the Fourier transform for feature analysis. The
frequency band of the AE signals, excluding the spectral

https://doi.org/10.26599/FRICT.2025.9441080
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Fig. 10 AE RMS, bottom power loss, and total loss vs. rotational speed and
temperature under load of 10 kN. Reproduced with permission from Ref. [89],
© Elsevier Ltd. 2010.

parameters listed in Table 2, is also utilized for condition
monitoring of the relative sliding surfaces in the frequency
domain [106], as illustrated in Fig. 12. Wada et al. [107]
investigated the phenomenon of adhesive and abrasive wear and
concluded that the frequency band of the AE signals generated by
mild adhesive wear was between 2 and 150 kHz, with a peak
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frequency at 80 kHz; for severe adhesive wear, the frequency band
of the AE signals ranged from 1,000 to 1,500 kHz, with a peak
frequency at 1,300 kHz. In addition, they verified abrasive wear
with an AE spectrum band ranging from 500 to 1,000 kHz, with a
peak frequency at 900 kHz. Similarly, severe adhesive wear and
abrasive wear were studied by Hase et al. [37], who determined
that the frequency ranges associated with these types of wear were
100 to 150 kHz and 200 to 100 kHz, respectively. The AE signals
of severe adhesive wear obtained from different studies exhibit the
same frequency band. Ramadan et al. [108] investigated various
stages of crack wear, including crack initiation, propagation, and
even steel failure. The observed frequency band experienced a
transition from 300 to 600 kHz and eventually reached 800 kHz.
The respective peak frequencies of the three states were measured
at 140, 200, and 250 kHz. On the basis of tensile tests, Wada et al.
[107] detected two peaks of the AE frequency occurring at 250
and 300 kHz, with the frequency band ranging from 200 to
600 kHz. Yang and Zhou [109] measured the same peak
frequency at 250 kHz depending on the tensile test, but the
spectral band varied due to the different tested materials. For
fatigue testing, the spectral energy of the AE signals generated by
long and physically short cracks is focused mainly at 200-400 kHz,
and the peak energy occurs at 300 kHz [110]. Additionally, the
different conditions of relative sliding surface contact have been
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Fig. 11 AE RMS and power loss vs. speed and load (2, 6, and 10 kN) at varying

dynamic viscosities. Reproduced with permission from Ref. [89], © Elsevier Ltd.
2010.

1.1
Severe adhensive wear (Hase et al. [37]) h

# Bearing wear (Shanbhag et al. [92]) 1.3 A
Severe adhensive wear (Wada et al. [107]) s s

ﬁ'* Steel failure (| dan et al. [108])
AD.2
o m Crack pr ion (Ramadan et al. [108])
L e Crack inititation (Ramadan et al. [108])
. Fatigue testing (Chang et al. [110])
© 0'25T ? 5= Tensile test (Wada et al. [107])
g 0.25A C— Frequency band
% N 4 Tensile test (Li et al. [109]) A Peak frequency
015
<< Particle i ion (Chung et al. [111])

:0.0B
Mild adhensive wear (Wada et al. [107])
Abrasive wear (Hase et al. [37])
0.
A0.12 _LAb"' Wada et al. [107
A Fluid leakage (Chen et al. [116]) rasive wear (Wada etal. [107])
Sliding friction (Ferrer et al. [114])
s Plastic deformation (Baranov et al. [113])
s Bearing cavitation (Poddar and Tandon. [99])
T0d Elastic deformation (Hase et al. [37])
L-Fluid-asperity shearing (Ma et al. [55])
L 1 f I

\ \ \ \
0 0.2 0.4 0.6 0.8 1 12 14 1.6
Frequency (MHz)
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characterized by the spectral bands of the AE signals, involving the
particle interaction [111], plastic deformation [112, 113], elastic
deformation [107], and sliding friction [114, 115], in which the
frequency zone is distributed at 120-350, 150-500, 25-250, and
20-220 kHz. The spectral characteristics of AE signals were
investigated by Chen et al. [116] and Ma et al. [55], who reported
frequency bands focused on 50-300, 100-140 kHz for fluid
leakage and fluid shearing, with peak frequencies observed at
120 and 104 kHz, respectively. The amplitudes of these
phenomena, as shown in Fig. 12, reflect the estimated positions
derived from the conducted experiments, which may vary
depending on operating conditions and materials.

The AE spectral features obtained from the phenomena
mentioned above can be used as a robust foundation for
evaluating various conditions of journal bearings. The studies
involved the condition monitoring of journal bearings on the basis
of the spectral bands of the AE signals are summarized in Table 3.
The range of the AE frequency band obtained from the journal
bearing in the lubricant regime was between 50 and 200 kHz
[66, 96, 105]. In the normal lubricant state, Raharjo et al. [95, 96]
investigated the AE characteristics generated by the scratched and
eccentric bore faults of journal bearings. They reported that a
similar frequency band ranged from 10 to 50 kHz, as shown in
Fig. 13. Sreedhar and Balasubramanian [118] carried out tests on
the lack of lubrication inside the IC engine cylinder and concluded
that the AE frequency energy of starvation mainly focused on the
spectral band of 20-30 kHz. Poddar and Tandon [99] obtained
AE signals generated from journal bearings undergoing vapor
cavitation and analyzed the characteristics of the AE signals,
including the RMS and energy in the time domain and the peak
frequency in the frequency domain. They concluded that the
frequency band of the vapor cavitation was 175-570 kHz.
Additionally, they carried out experiments on particle
contaminants in lubricants on the basis of a journal bearing test
rig [11], as illustrated in Fig. 14. They discussed the effects of
various particle sizes on the AE response. In Fig. 15, the frequency
distance of AE signals was described, and the frequency band of
the AE signals caused by particle contamination ranged from 100
to 700 kHz. Shanbhag et al. [92] studied condition monitoring of
bearing wear with piston rod seals under varying degrees of wear
according to the characteristics of the AE signals, including the AE
peak, skewness, and median frequency, and concluded that the
frequency band for bearing wear was 15-30 kHz, with a peak

Table3 AE signal frequencies of phenomena in journal bearings

Phenomenon AE frequency (kHz)
Lubrication regime transitions [96, 105, 66] 50-200
Oil starvation of internal combustion engines [118] 20-30
Oil starvation [120] 100-300
Bearing wear [92] 15-30
Particle contamination [11] 100-700
Scratched bearing fault [95] 10-50
Eccentric bore bearing fault [96] 10-50
Rubbing [121] 25-70
Vapor cavitation [99] 175-570
Bearing wear (mixed friction) [104] 100-300
abnormal (postseizure) state [119] 1,500-2,000
Early seizure [119] 1,000
Later stage of adhesive wear [119] 300
Metal-to-metal contact (start) [119] 500
Metal-to-metal contact [105] 200-500
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Fig. 13 Comparisons between normal and eccentric bore bearing faults: (a) AE signals; (b) AE spectra. Reproduced with permission from Ref. [96], © University of

Huddersfield 2012.
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Fig. 14 (a)Journal bearing test rig; (b) location of AE sensor on journal bearing. Reproduced with permission from Ref. [11], © Elsevier Ltd. 2019.

frequency at 19 kHz. Renhart et al. [104] carried out repeated
start-stop experiments to verify the degeneration of journal
bearings and estimated a two-stage wear mechanism of journal
bearings, which can be identified by the characteristic frequency of
the AE signals, including the peak frequency and frequency band.
Hase et al. [119] carried out friction-and-wear experiments on a
journal bearing-rotor rig. They compared the distribution of the
AE frequency obtained from the preseizure and postseizure of the
journal bearing and found a peak frequency at 500 kHz in the
normal state. Nevertheless, there was a peak frequency between
1,500 and 2,000 kHz for the abnormal state, as illustrated in Fig. 16.
These results investigate the correlation between the AE frequency
characteristics and the journal bearing behaviors, which can be
directly used to monitor the condition and diagnose the faults of
journal bearings.

3.2.3 Artificial intelligence methodology

Practically, the AE signals obtained from journal bearing tests are
subject to significant noise contamination and experience
attenuation of the AE energy during propagation. Traditional
methods for accurately identifying the condition of journal
bearings by extracting AE signal features have certain limitations.
Therefore, applying artificial intelligence methods to analyze AE
response to classify the different operating states of journal
bearings has become an important research direction for
achieving precise bearing condition identification. Researchers

https://doi.org/10.26599/FRICT.2025.9441080
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have employed artificial intelligence methods, such as support
vector machines (SVMs), k-nearest neighbors (k-NNs), and
artificial neural networks (ANNs), to classify the features of AE
signals accurately [122]. These methods are also partially utilized
in the fault monitoring of journal bearings.

The utilization of ANNs has become increasingly prevalent in
recent years. The components of the ANN include the input layer,
multiple neuron layers, one or more hidden layers, and the output
layer. Sadegh et al. [123] employed continuous wavelet transform
(CWT) techniques and time-domain analysis to extract AE
features. They classified the lubricant conditions of journal
bearings on the basis of the ANN combined with the genetic
algorithm (GA). This method effectively identifies journal
bearings operating under different lubrication regimes by
accurately extracting AE features. If it is used to classify different
bearing faults, further research on feature parameter extraction for
each bearing fault is needed. The machine learning technique was
employed by Konig et al. [124] to analyze AE signals obtained
from heavy-load operating conditions at a low rotating speed.
Using deep neural networks (DNNs), they successfully identified
the different stages of bearing fatigue, such as running-in (mixed-
friction) and particle contamination. CWTs of AE signals were
utilized in this model as the input parameters, which significantly
streamlined the efforts involved in feature extraction and analysis
to detect and classify AE events. In addition, they monitored and
classified the multivariate wear behavior of journal bearings by
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Fig. 15 AE spectra of journals bearing lubricant contaminants with different particle sizes. Reproduced with permission from Ref. [11], © Elsevier Ltd. 2019.
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applying a deep learning method combined with convolutional
neural networks (CNNs) [125]. Subsequently, they monitored the
mixed-friction conditions of journal bearings in gearboxes [126];
the topography of the worn surface is displayed in Fig. 17, and on
the basis of long short-term memory (LSTM) neural networks, the
wear volume of bearings can be predicted, as shown in Fig. 18.
The k-NN algorithm determines the class or label of test data by
calculating the distances between the test data and training data
with known classes. Therefore, selecting the optimal value for k
and defining the distance are crucial factors in this method.
Poddar and Tandon [65] employed the peak frequency of AE
signals as a condition indicator in various k-NNs for fault
classification: the fine, medium, coarse, cosine, cubic, and
weighted types. On the basis of the recognition accuracy analysis,
they selected the weighted k-NN classifier combined with the
Euclidean distance to successfully identify the conditions of
journal bearings encompassing regular operation, cavitation,
particle contamination, and oil starvation. Mokhtari and
Githmann [127] conducted journal bearing tests under various
operating conditions and classified three different friction states:
mixed, mild, and fluid. The states were determined using a linear
SVM classifier, and the AE RMS and kurtosis were incorporated
as training parameters to compute the significant frequency band
obtained through the CWT.

To increase the accuracy of pattern recognition, AE signal
processing and feature extraction play critical roles in these
methodologies. The popular methods in the time-—frequency
domain for processing raw AE signals before feature extraction

2 . |Contact
~ C area

positions for LSM analysis; (c) bearing surface without load; (d) bearing surface
in loaded area (running-in type A). Reproduced with permission from Ref. [126],
© Elsevier Ltd. 2021.

include the CWT, WT scalogram, reassigned wavelet scalogram,
complex Morlet wavelet, and Wigner—Ville distributions. For
bursting AE signals, the cyclostationary technique has advantages
over traditional methods for signal processing. The AE feature
focuses primarily on extracting the characteristics of the AE
signals in both the time domain and the frequency domain, as
introduced in Sections 3.2.1 and 3.2.2. In addition, some special
calculated values can also be utilized as feature parameters, such as
the correlation coefficient, coefficient of friction, Euclidean
distance, and Mahalanobis distance. Research on the application
of artificial intelligence algorithms to the condition monitoring of
journal bearings is summarized in Table 4, which is categorized
into three main areas: signal processing, feature extraction, and
pattern recognition.

According to previous studies, the features extracted from AE
signals can be used to identify the condition of journal bearings
under controlled operating conditions. Practically, describing the
internal mechanisms precisely through the aforementioned
experimental studies is challenging. One reason is that the AE
signals are obtained from journal bearings combined with other
sources, especially when multiple faults occur at the same time.
Furthermore, factors such as sensor placement and environmental
background inevitably influence the AE signals, particularly with
respect to the interference generated during signal propagation
from the AE sources to the AE sensor. In addition, it is difficult to
tightly control the test conditions to ensure the discussion of
individual variables.

4 Modeling of AE

The research discussed above predominantly employs
experimental methods to analyze the behavior of journal bearings
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Fig. 18 Comparison of results from experiments, simulations, and LSTM for
running-in conditions. Reproduced with permission from Ref. [126], © Elsevier
Ltd. 2021.

Table4 Methods of condition monitoring and fault diagnosis of journal bearings for AE signals

Signal processing

Feature extraction

Pattern recognition

Wavelet transform [121]

Wavelet reassigned scalogram [121]
Short-time Fourier transformation [60, 70]
CWT [103-105, 125]
Wigner-Ville distribution [128]
Complex Morlet wavelet [129]
Cyclostationary [130]
Peak-hold-downsample algorithm [131]

RMS, Kurtosis [123, 127] ANN-GA [123]
Peak frequency [120, 123] DNN [124]
Euclidean distance [65] CNN [125]
Mahalanobis distance [132] Weighted k-NN [65]
Correlation coefficient [132] SVM [103, 127]
Coefficient of friction [62] LSTM [126]
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on the basis of AE signals. To further elucidate the mechanisms
behind AE signal generation in journal bearings, numerous
researchers have simultaneously focused on developing pertinent
models of AE signals. Specifically, for the early-stage detection of
lubrication surface faults in rotating machinery, much of the
research has concentrated on constructing models that describe
the AE signals generated by the elastic deformation of sliding
friction pairs or microconvex asperities on rough surfaces.
According to plate wave theory, the model acoustic emission
(MAE) theory can be applied to analyze the AE phenomenon,
which explains why AE is mechanical and propagates through
plates as mechanical waves [121].

4.1 AE RMS model in the abrasive wear process

Matsuoka et al. [133] estimated the energy released by AE
resulting from material removal in direct contact with solid
surfaces in relative motion. According to Archard’s equation, the
wear coefficient is defined by Eq. (1):

VH

k= Ws

(1)
where V represents the volume of material lost during the
abrasion process, W denotes the external load, and H and S
represent the hardness of the sample and the distance between the
tape and the sample, respectively.

When the volume of material removed is V, the required
energy can be calculated by Eq. (2):

W,=VH )
The material removal power is then derived from Eq. (3):
. dw,  d(kws)
W, = T e kWv (3)

where v is the speed of the relative sliding. The expression of the
AE RMS can be derived from Eq. (4) on the basis of the
correlation between the material removal power and the measured
voltage of the AE signals:

Vs = (ZkWv) - & (4)

where Z is the impedance of the measurement system and 6 is the
“noise” in this system.

According to the AE RMS model, a correlation between the AE
power and material removal power is established. Importantly, the
state of wear can be estimated via the wear coefficient without
measuring the volume of removed materials.

4.2 Model of AE energy, amplitude and count rate under
sliding friction
After considering the influence of surface roughness, as illustrated
in Fig. 19, Baranov et al. [54] proposed a model based on random
function deviation theory to determine the AE parameters of solid
contact friction in the sliding friction process. They described the
fundamental characteristics of AE elastic waves and established
the corresponding relationship between surface material
parameters and AE generated by contact frictions.

The energy of the elastic deformation resulting from the
contact between asperities is first determined by Eq. (5):

8
15M\/B

E— W (5)
where M denotes the Hertzian contact modulus; as the contacted
asperities are spherical shapes with radii R, and R,, and the
coefficient B is obtained as B = (1 + R}/R,)/R,. Depending on the
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relationship between the average pressure p and the asperity
radius a, h can be calculated by Eq. (6):

) 1/2
h— (91—76[ -MZsza‘*) (6)

Substituting Eq. (6) into Eq. (5), the model of the AE energy is
derived from Eq. (7):

i M

5
©T sa0p F @
Then, the amplitude of the AE signals is evaluated by Eq. (8):
v\ ? »
A=K(—) =
’ ( Yo > P ®

12

where K, = [(3mK.02Rv,)/ (80M)]"* | p, = (2Ba,/31)"* /M,
v, =1 m/s; 0y, v, K, and R represent the standard deviation of
random functions z,(x) from corresponding average planes, the
velocity of sliding motion of surfaces, an electromechanical
conversion factor of a piezoelectric transducer, and the curvature
radii of contacting asperities, respectively.

Consequently, depending on the distance d between the
average planes of the surfaces, the average number of contact
zones is N, and per nominal square L’ of interaction, the count
rate of the AE pulses can be derived from Eq. (9):

dN  Lo*v a
S 2 (- ©)
dt  4ntely 2021

where #=1+0a? with a being the ratio of the standard
deviations of random functionsz, (x) and z,(x), as illustrated in
Fig. 19. Assuming that d/01/7~ \/f and f= —1In(F/F,), the
count rate of the AE can be defined by Eq. (10):

Lo* F,

N = —
N8y F,

v (10)

where N is an empirical coefficient that quantifies the number of
AE pulses observed when a single contact zone is present; F,,;and
F, represents the force pressing the surfaces together and the
calculation coefficient with a force dimension.

The fundamental characteristics of AE elastic waves are
described on the basis of the AE energy, amplitude, and count
rate. Furthermore, a corresponding relationship between the
surface material parameters and the AE generated by contact
friction can be established. These models establish the dependence
relationship between AE signals and the physical-mechanical
properties of materials, as well as the statistical parameters of
friction surface pairs. Notably, this research introduces the
concept that the elastic energy released from the deformation of
surface asperities is a primary AE source, representing a significant
advancement in understanding AE origins in contact friction
contexts.

Zy(x)

Z\(x)
Z,

Fig. 19 Profiles of rubbing surfaces. Reproduced with permission from
Ref. [54], © Elsevier Ltd. 1997.
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4.3 Fan’s statistical AE RMS model

The summit height of rough surfaces is assumed to follow a
Gaussian distribution. Fan et al. [73] established an AE RMS
theoretical model for the contact of asperities in the elastic sliding
process on the basis of the Greenwood-Williamson (GW) model
and Hertz elastic contact theory. In this model, the total energy
stored in the elastic deformation of asperities can be calculated by
Eq. (11):

m:o&%mwwf@—dmaﬁg (11)

where the random variable z, represents the height of the
asperities on the rough surface; f(z,) is the probability density
function of z; d is the distance between the smooth surface and
the reference plane, as shown in Fig. 20; Dy, represents the total
number of asperities per unit area; A, represents the contact area;
W represents the normal load.

The function F,(h) and the number N, of contacting
asperities are identified by Egs. (12) and (13):

= [ (s (12)
t
Nt = AgDsym jf(zs)dz (13)
d
where h = d/o, with ¢ being the standard deviation of z;; ¢(s)

represents the standardized height distribution. Here, the mean
time of the elastic energy release is given by Eq. (14):

j\”er/zé\l/Zf 2)dz, fR’l/Z(Z — d)l/zjc(zs)dzS
o i} _d _ (14)
v [ flz)dz, v fz)dz,

where § =z, —d; v is the sliding velocity of the surface; R’
represents the Hertzian curvature.
According to Egs. (11) and (14), the energy rate of the AE

Contact area Smooth surface

7 A W S, NS S VY A d

YRS ‘\"“" t
Reference plane in
the rough surface

Fig.20 Schematic of contact state between smooth and rough surfaces.
Reproduced with permission from Ref. [73], © Elsevier Ltd. 2010.

§Sm00th plane /’T\

generated from the elastic deformation of the contacted asperities
is given by Eq. (15):

_ Rk

Ug = q/zpl/2 (h)

= 0.4ANWy (15)

Us
T
For the AE signals obtained by the AE sensor, the release rate of

elastic energy can be derived from Eq. (16):

F,(h)

Ug = 0.4k kN Wy———"t—
E tot VR'I/ZFI/Z(]’[)

(16)
where k. is the portion of the elastic strain energy converted to
acoustic emission pulses and k,, represents the gain of the AE
measurement system.

As the velocity of the relative sliding surfaces is stable, U, will
be constant. Then, the RMS of the AE signals can be described by
Eq. (17):

1/2 1/2
/UE _ (Zkekm ) I\]mtl/z(‘/‘/‘/)1/2%1/2
5 R/1/4F1/2 (h)

In the above model, the relationships between the level of the AE
measurement and the sliding speed, the characteristics of the
rough surfaces, the load, and the number of contacting asperities
on the rough surface are described clearly. The reliability of the
model was further validated by monitoring the operating
conditions of mechanical seals via experimental investigations.
Importantly, this model demonstrates significant potential for the
early detection and evaluation of premature mechanical failure.
Subsequently, Hu et al. [64, 134] proposed a deterministic AE
RMS model for a sliding surface characterized by a bi-Gaussian
distribution in terms of topography, as shown in Fig. 21(a).
Merging model parameters, Fan’s model is derived from Eq. (18):

Vrms - (17)

. 1/2
2
RMS,,, = K<5 Evpsj(sZPDF (z) dzs) (18)
ho

where § =z, — d, with z,and d being the height of the asperities
and the distance between the smooth surface and the plane at the
mean height of the rough surface, respectively; K, E, and D
represent the constant transfer coefficient, which is equivalent to
Yong’s modulus, and the density of asperities.

The load acting on the asperities when the height exceeds hj is
calculated by Eq. (19):

W= (z,—d)ERV (19)
As the friction pair is within the elastic deformation range, only

the summit on the upper component has the potential to be the
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Mean plane of summit heights for upper Gaussian
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Fig.21 AE RMS model under dry sliding friction: (a) bi-Gaussian stratified surface; (b) Fan’s statistical AE RMS model; (c) statistical AE RMS model from a bi-Gaussian

stratified surface. Reproduced with permission from Ref. [64], © Elsevier Ltd. 2019.
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AE source. Therefore, the rough surfaces shown in Fig. 21(b)
should be replaced by the bi-Gaussian stratified surface described
in Fig. 21(c) to exclude interference due to the summit on the
lower component. For these contacting rough surfaces, the
equivalent radius of curvature R, can be expressed as Egs. (20)
and (21) [135, 136]:

1
R=——— 20
* 1/R,+1/R, (20)
A A

R,,

R, (21)

= 5 =
224 — Zij1 — Zeijn 2Z4j — Zg1j — Zsis1

where R, and R, are the curvature radii; A, and A, are the
sampling intervals, with the subscripts x and y denoting the
directions.

Practically, a bi-Gaussian surface topography is more consistent
with the characteristics of the sliding friction surfaces. The AE
RMSs generated from different materials were calculated on the
basis of the deterministic AE RMSs and Fan’s models. Moreover,
the AE RMS is highly sensitive to the parameters of the surface.

4.4 AE RMS model of fractal rough surfaces under sliding
friction

Owing to the plastic deformation disregarded in the process of
fricion contacts based on the G-W model, the
Majumdar-Bhushan (M-B) model is then employed to describe
this phenomenon. Hao et al. [137] revised the M-B model
combined with fractal rough surfaces. The updated model
eliminates the assumption of total elastic deformation and
incorporates three distinct states: elastic, elastic—plastic, and
plastic. The critical value of asperity deformation at the beginning
of plastic flow is proportional to the square of the material
hardness H and the radius of curvature r and inversely
proportional to the square of the Young’s modulus E, as noted by
Greenwood and Williamson [138]. Therefore, the criterion for
evaluating the deformation ratio is given by Eq. (22):

5.  (HY
ne=-—= b(f) (22)

For the G-W model, the critical interference is expressed as
Eq. (23):
8 =, (23)

c

According to Eq. (23), if the amplitude of the asperity is
8 < 8%Y(8 =GP VIED), the deformation of the asperity is
elastic; conversely, the deformation is plastic. For the M-B model,
the critical interference is defined by Eq. (24):

G

6C = M(@2-D)/2(D-1)

(24)
where M=1_/ (2n)*; G denotes a parameter of the surface’s
fractal roughness, indicating its characteristic length scale; D is the
fractal dimension for a physically continuous surface (1 < D < 2).

Herein, the elastic deformation occurs at § > J, and the plastic
deformation occurs at § < §.. On the basis of Eq. (24), the critical
value §. is independent of the characteristics of the asperities. The
total energy generated by the asperity’s deformation in sliding
friction can be described by Eq. (25):
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Uun = [ P(8)n(5)0d0

[ B(0)n(d)0ds, 8 < 6.
[P @)n(®)0d0 + [ P(0)n(8)d5, 5> o,
(25)

The expressions of the plastic load and the elastic load can be
given by Eq. (26):

62/(27D) 4 2E6(3*D)/(2*D)
- — ZEARSYA =
Py(9) _HG2<D—1>/(2—D> P(0) = 3Er‘ o = 37t G(P-1/(2-D)
(26)
D §D/2-D)
where n(8) = ﬁm The largest interference &, can be

given by Eq. (27):
& =JEy (27)

37_[(2 o D) (2-D)/(3-D)
2ED

normal load. By substituting Eqgs. (26) and (27) into Eq. (25), the
energy release rate is derived from Eq. (28):

where J Z[ GP VP and Fy is the

vHD ]2/(2,D)F2/(3—D)
27R,(2 — D) G*P-1/-D) N ’
81 S 6:
: U. v 5HS. 10EIn§
Usum = =2 = c - < P‘SM
T 27R, K G* 3nG? ) JE
10EFF!" In (]F}é“)
+T ,6>0,D=5/3
(28)

where v is the sliding velocity and R, represents the radius of the
inside surface of the seal.

During the stable sliding friction process, the RMS of the AE
signals acquired by the AE sensor in the AE measurement system
can be calculated by Eq. (29):

VRMS =V kekm Usum (29)

Unlike Fan’s model, the fractal AE model can be used to
characterize the elastic and plastic deformations of asperities on
rough surfaces, which are influenced by factors such as the sliding
velocity, normal load, and fractal parameters.

4.5 Fluid-asperity shearing model

The generation mechanism of AEs and the corresponding AE
models have been extensively investigated in HL regimes for
various applications, including internal combustion engines,
mechanical seals, and journal bearings.

On the basis of Fan’s model, Towsyfyan et al. [70, 139]
developed an AE model of asperity elastic deformation by
considering that every asperity was an end-loaded cantilever beam
and discussed the AE energy statistics of the mechanical seal
surfaces working in different lubrication states. The AE source was
analyzed during the bending deformation of asperities, including
interactions between asperities and fluid-asperity. The progress of
energy release from the contact between asperities is illustrated in
Fig. 22. The total strain energy is described by Egs. (30) and (31):
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w2 o

Ukea) = AODSUMf;EI (z,— d)3f(zs)dzs (30)
2) o

Ukta) = AoDsum (,uT[v j d)f(z,)dz (31)
d

where & = z, — d; f represents the friction coefficient; I is the area
moment of inertia; y represents the viscosity of the lubricant.

The equations used to calculate the mean release time are
derived from Egs. (32) and (33):

2Vr [ (2~ ) flz)dz,

t, = L (32)
3y f flz,)dz,
2umr? f (z, — d)*f(z,)dz,
T, = — (33)
3EI j flz,)dz

where E and r are the equivalent elastic modulus and average
radius of an asperity, respectively, given by Hertz theory. For the
AE measurement system, the AE RMS of signals generated from
the asperities bending in the sliding friction can be expressed by
Egs. (34) and (35):

W Kk N VE; (dx)

VRMS(a-a) = o EF9 ( dx ) (34)
F,(dx
Virmsea) = 5 kekm.“"TNtot F:E d*; (35)

where Niow = A¢Dsum L flz)dz; dx = d/R; R, is the equivalent
roughness.
Depending on the shear stress 7, acting on any arbitrary stress

in the sliding direction, as shown in Fig. 23, the viscosity friction
force is calculated by Eq. (36)

dF=r1,dA (36)

Asperity in rest

Compressed asperity Energy released

Fig. 22 Process of strain energy release during sliding contact. Reproduced with
permission from Ref. [139], © Elsevier Ltd. 2018.

. )
TZX

Fluid element in rest Sheared element

=

Energy released

Fig. 23 Process of strain energy release due to viscous friction. Reproduced with
permission from Ref. [139], © Elsevier Ltd. 2018.
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The release rate of energy caused by viscosity friction can be
defined by Eq. (37):

Uy = ks, [ vdF = 2nkekm,uhﬁrmb (37)
f

where h; is the lubricant film thickness and r,,, denotes the mean
radius for the seal area. As the constant parameters in Eq. (35) are
replaced by K= +/2nk.k,br,, the viscosity friction model is
expressed as Eq. (38):

Vs = VUg = K, | £ (38)
he

The developed models have focused primarily on the bending
deformation of the contacting asperities. In addition, Wei et al.
[71] studied the effectiveness of applying the asperity—asperity
collision model in internal combustion engines and proposed the
concept of fluid—asperity shearing in the HL regime.

Ma et al. [55, 140] analyzed the AE generated from journal
bearings due to the interaction between fluid and asperities in the
HL regime, as shown in Fig. 24. The progress of fluid-asperity
shearing was investigated in Fig. 6(c), and the dynamic FAS model
was derived on the basis of the stationary Reynolds equation
combined with a nonGaussian rough surface. In the model, the
average friction force F due to fluid shearing is calculated by
Eq. (39):

F= [ 7(x,y)dxdy (39)

where the shear stress 7(x,y) = u(T)j(x,y) = u(T)dv/dz, with
the lubricant viscosityu(T) = p,e#7"™), with u, denoting the
dynamic viscosity when the temperature is T, and 5 denoting the
coefficient of temperature. For laminar flow, the velocity gradient
v in the z direction is given by Eq. (40):

v v dp 1 he
dz 9h+8xy(T)< 5) (40)

The friction force is expressed as Eq. (41):

F=Jf (ﬂo e Y B

e =Yy > a—) dxdy (41)
where the oil film thickness #; is a sum of the nominal height h,
and the time-varying height &,,(x,y,t) in the HL regime.
According to Eq. (41), the average friction force F remains
constant in the steady lubrication process. Therefore, the dynamic
AE waves or the spectral characteristics of AEs are difficult to
explain, depending on the model. Moreover, in terms of the
reasons for the generation of AE waves, the distribution of
asperities is the primary cause in fluid-separated plates. The
pressure p is contributed mainly by the p,,, obtained from the
rough surface. The dynamic fluid—asperity shearing in the HL can
be defined by Eq. (42):

Fig.24 Schematic diagram of relatively sliding rough surfaces in HL regime.
Reproduced with permission from Ref. [55], © Elsevier Ltd. 2021.
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as 1) = B(T—To) 4 0 asp\ A5 Vs asp
T, p(x,% ) o€ ot 5asp(x7y7 t) D m
(42)

According to Eq. (42), the dynamic FAS results from the
viscous drag and pressure gradient in the x direction. Moreover,
the time-varying nature of the force is due to the varying heights
of asperities on the sliding surfaces. In addition to roughness,
nonGaussian properties such as skewness and kurtosis need to be
considered when building rough surfaces. To verify the influence
of asperity distributions on the dynamic FAS, generating a
random rough surface is a critical step. Then, the time-varying
height of the rough surface is given by Eq. (43):

8up(r,0,1) = Y z;sin (2mry, (0 + Q1) + () (43)

where z = 1/2Q (Xoa:) DX, Xi> Xmi;» @nd Ay, represent the

spatial frequency, center frequency, and width of each frequency
interval, respectively, r, Q, Q, and (; denote the ratio of the
rotating surface, angular speed, spatial power spectral density
(PSD) at random heights, and random initial phase angles,
respectively.

In the context of the dynamic FAS model, the influence of
various parameters, including the lubricant viscosity, sliding
speed, oil film thickness, and pressure gradient, on the intensity of
AE waves is evident. Additionally, the relationships among the
non-Gaussian surface parameters of the relative sliding surfaces,
operating conditions, and AE waves are investigated in the
frequency domain through numerical and experimental analyses.
The findings, as depicted in Figs. 25 and 26, indicate that the
correlation length (spatial PSD) and shear rate (rotational speed)
are critical parameters affecting the AE spectral bandwidth. The
proposed model provides an analytical expression for
fluid-asperity interactions, enabling quantitative assessment of
their dynamic interactions.

On the basis of the above analysis, the main AE models, which
depend on the mechanism of the AE signals generated from the
relative sliding surfaces, are described in Table 5, and the research
on their application in journal bearings is summarized.

Shear stress (10°° Pa)

Shear stress (10°° Pa)

H> ) Skewness

5 Discussion and outlooks

The application of the AE technique for condition monitoring
and fault diagnosis of journal bearings remains relatively limited
compared with its use with seals, gears, roller bearings, etc.
However, as a nondestructive detection method, the AE technique
offers distinct advantages for evaluating the condition of sliding
surfaces, especially in the early detection of rotor machinery
failures. Consequently, this technology has gained increasing
attention for monitoring journal bearings in recent years.
Although significant progress has been achieved, there is a need
for further development to address existing gaps and explore new
directions. Future research opportunities in this field are outlined
as follows:

(1) Elucidating a deeper mechanism of AE sources for journal
bearings’ early faults. Currently, the fault detection in journal
bearings using AE signals focuses primarily on sliding friction,
such as abrasive and adhesive wear. However, the main advantage
of the AE technique lies in its sensitivity to monitor the incipient
stages of faults in journal bearings. Therefore, the underlying
cause needs to be revealed in the mechanism analysis of AE
sources, especially with respect to analyses related to the second
type of AE source. In addition, the accuracy of the AE
measurement system plays a significant role in acquiring reliable
AE signals. Improving the measurement system is necessary to
increase the signal-to-noise ratio, particularly for -effectively
capturing the weak signal amid complex interference noise.

(2) Advancing AE waveform analysis for early fault detection.
With  advancements in AE technology, increasingly
comprehensive data on AE waveforms can be obtained. While
certain bearing faults have been effectively detected using
statistical parameters such as the AE RMS and AE energy in the
time domain, limited research has focused on journal bearings on
the basis of their specific AE waveforms, particularly in the
context of aperiodic early faults. Consequently, extracting
meaningful information from AE waveforms remains a significant
challenge, as it has the potential to offer a more intuitive
representation of initial faults in bearings.

(3) High-order spectral techniques for AE signal denoising.

Shear stress (10°° Pa)
o IS

oo

0.1
0400 0.1 O0.11 0.12
Hz) Correlation 1

ength (pm)

Shear stress (107° Pa)

Fig. 25 Frequency spectra of FAS at a shear rate of 4,000 s™ with different surface parameters. Reproduced with permission from Ref. [55], © Elsevier Ltd. 2021.
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Fig.26 Frequency spectra of FAS generated from the cone plate under various operating conditions. Reproduced with permission from Ref. [55], © Elsevier Ltd. 2021.

Table5 AE model

Model Equation Ref.
AE RMS model 12
(material removal in the abrasion process) Viws = (ZkWv) Pie (133]
1
Model of AE energy, amplitude, and count rate &Mt v\2p? o Lo®  Fiot
(sliding friction) U = 64083 pP,A=A4Ap " IT(ZJ , Nag = No sn2oly ?ov [54]
Fan’s AE RMS model [ 2kekm 2 12 1/2 Fi(h)"?
(elastic sliding of asperities contact) Vims = < 5 Niot /(W) RIVAF, 1l h)l/ 2 [73, 96]
AE RMS model 2 © 12
(bi-Gaussian rough surface; sliding friction) RMSayg = K (gEVDS jho 6"PDF (z;) dZS> [64, 134]
AE RMS model
(fractal rough surfaces) Vms = vkekm Usum (137]
Viscosity friction model _ "
(full film condition) Viats = Kvy [ (70, 139]
ad
FAS model Tasp (5,3, 8) = H(T)L he(x.:1) OPasp [55]

(full film condition; non-Gaussian rough surface)

2 dx

he(x,y,t)

Traditional denoising techniques have been employed to process
raw AE signals; however, their effectiveness in suppressing noise
under field conditions remains limited. This limitation highlights
the need to develop more advanced denoising methods
specifically designed for field applications, considering that AE
signals from journal bearings exhibit non-Gaussian and nonlinear
characteristics. High-order spectral analysis offers a robust
solution, as it is inherently resistant to Gaussian noise and
effectively reduces its impact. Among these methods, bispectral
analysis is particularly notable for its simplicity. It not only
compensates for the absence of phase information in the power
spectrum but also efficiently attenuates noise. Consequently,
employing high-order spectral noise reduction techniques can
significantly improve the accuracy of fault detection in AE signal
analysis.

(4) Enhancing data fusion for intelligent identification methods.
The existing research has confirmed the feasibility of using

https://doi.org/10.26599/FRICT.2025.9441080

intelligent methods for fault identification in journal bearings on
the basis of AE signals. However, the corresponding research is
limited in this area and focuses primarily on identifying typical
faults that occur during contact between relatively sliding surfaces.
Furthermore, the intelligent identification methods employed,
such as the CNN, ANN, and k-NN, have been relatively basic.
Therefore, it is imperative to develop deep data fusion
technologies to enhance decision-making capabilities by
integrating multiple monitoring technologies.

(5) Establishing the failure database for journal bearings.
Artificial intelligence techniques have demonstrated significant
advantages in bearing fault identification. However, to achieve
accurate fault monitoring, the training data must include
corresponding  fault information to establish a precise
identification system. Therefore, the presence of sufficient fault-
type data in the training set is necessary for the establishment of a
bearing fault identification system. Since the acquired AE signals
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are influenced by the monitoring system, standardizing the AE
monitoring system becomes crucial for obtaining unified training
data and establishing a comprehensive journal bearing fault
recognition system. Selecting appropriate fault feature quantities
and establishing a journal bearing fault database based on them
will be an important focus for future research.

(6) Refining the AE model on the basis of mechanism analysis.
At present, the existing AE models rely primarily on the energy
release resulting from the relative sliding surfaces. Moreover, each
model requires particular preconditions for its application. To
comprehensively determine the states of journal bearings and
accurately identify early faults, it is crucial to have an appropriate
AE model. A comprehensive examination of current research
endeavors revealed that initial failures in journal bearings can lead
to subtle changes in both the lubrication medium and the relative
sliding surfaces. Therefore, future research should correlate these
two parameter variations and establish a more universally
applicable AE model. For example, a model specifically targeting
early oil contamination in journal bearings can be derived by
refining the FAS model with fluid rheological properties.

6 Concluding remarks

The application of AE technology in the condition monitoring
and fault diagnosis of journal bearings is analyzed and
summarized by reviewing the latest processes in this field. The AE
sources during various operational states of journal bearings are
comprehensively introduced. The performance characteristics of
AE waves are utilized to compare and analyze the signal
processing methods commonly employed, along with their
respective strengths and limitations, as evidenced by existing
research results. The physical models commonly used to explain
the generation mechanisms of AE waves are presented, and the
specific conditions applicable to each model are summarized.
According to the current research findings, the utilization of AE
technology in journal bearings enables enhanced early fault
monitoring capabilities. This review aims to analyze the current
research on fault diagnosis of sliding bearings via AE technology
to guide a more effective health assessment of sliding bearings,
offering valuable insights to promote the widespread application
of acoustic emission technologies in the condition monitoring of
rotating lubricated machinery.
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