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Abstract: Bearings are crucial components that decide whether or not a wind turbine can work
smoothly and that have a significant impact on the transmission efficiency and stability of the en-
tire wind turbine’s life. However, wind power equipment operates in complex environments and
under complex working conditions over long time periods. Thus, it is extremely prone to bearing
wear failures, and this can cause the whole generator set to fail to work smoothly. This paper takes
wind turbine bearings as the research object and provides an overview and analysis for realizing
fault warnings, avoiding bearing failure, and prolonging bearing life. Firstly, a study of the typical
failure modes of wind turbine bearings was conducted to provide a comprehensive overview of the
tribological problems and the effects of the bearings. Secondly, the failure characteristics and di-
agnosis procedure for wind power bearings were examined, as well as the mechanism and proce-
dure for failure diagnosis being explored. Finally, we summarize the application of fault diagnosis
methods based on spectrum analysis, wavelet analysis, and artificial intelligence in wind turbine
bearing fault diagnosis. In addition, the directions and challenges of wind turbine bearing failure
analysis and fault diagnosis research are discussed.

Keywords: wind power bearings; bearing failure; fault diagnosis technology; bearing life

1. Introduction

Nowadays, as a natural, reliable, and clean energy source, wind power has become a
new energy source developing around the world and has huge demand in the energy
market [1]. Under the background of vigorously promoting “carbon peaking and carbon
neutrality”, China, as the primary leader of renewable energy development in the world,
attaches considerable importance to renewable resources, especially wind generation [2].
According to the IEA, China’s installed onshore wind power capacity has reached nearly
69GW in 2020 [2,3]. The large-scale development and application of wind energy has
brought great opportunities for the development of the market economy, but it has also
raised the challenges of issues related to, for example, equipment reliability, cost effec-
tiveness, and energy security [4]. On the one hand, as wind turbines are mostly installed
in isolated locations, the working environment is particularly complicated, and the in-
stability and time-varying characteristics of the wind make the turbine drive train very
prone to damage. As the core of the wind turbine drive train, the bearings play a vital
role in the healthy operation of wind turbines. In addition, if the bearings have failed, it
can cause the drive system to collapse or even downtime the equipment, increasing
maintenance expenses [5,6]. On the other hand, this can be due to the limitations of the
high altitude, low speed, and heavy load working conditions of wind turbines. The
bearings are not easy to observe and disassemble, which brings great difficulties to the
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operation and maintenance of wind power equipment and, similarly, increases the
maintenance costs of the turbines [7]. Therefore, real-time fault diagnosis of wind power
bearings is quite essential not only to prevent faults in advance, but also to increase the
efficiency of wind power generation.

The majority of wind turbine generator systems are made up of mechanical and
electrical parts that transform the kinetic energy of the airflow into electrical energy
[8,9]. The gearbox speed-increasing kind of wind turbine is the most popular form and is
seen in Figure 1a. With this type of wind generator setup, where the gearbox, generator,
and rotor are installed in the nacelle, the generation efficiency and electrical output are
relatively higher [10,11]. Another common design is the direct-drive style, shown in
Figure 1b. Compared with the speed-increasing type, the direct-drive version connects
the impeller and the generator directly, eliminating the complex gearbox and making
the structure simple, yet the dimension of generator is larger [12]. The range of wind
turbine bearings involves the central components used in the main shaft, pitch, yaw,
gearbox, and generator systems in wind power plants, which correspond to the main
shaft, pitch, yaw, gearbox, and generator bearings [13,14], respectively, with a service
life of about 20-25 years. The intended service life is, however, hardly met because of the
impacts of friction, corrosion, and impurity particles [15,16]. The health of bearings is
critical to the stable operation of wind turbines, as various failure modes in bearings can
cause severe injury to wind machine components [17]. To reduce these problems, it is
crucial to identify the root causes of failures and provide early warnings. Only this way
will increase the expected lifetime of the wind turbine components and decrease
maintenance costs [18]. Therefore, it is essential to conduct early fault diagnosis and
warnings for bearings.

Pitch Mainshft Yaw Ge Generator

bearings bearings bearings be bearings
—— | - -~

Pitch
bearings

Generator
bearings

Yaw
bearings

Main shft
bearings

(a) (b)

Figure 1. Wind turbine types, (a) Gearbox speed increasing wind turbine; (b) Direct-drive wind
turbine (Adapted from [8,9]).

Real-time fault diagnosis of bearings not only decreases the occurrence of drive train
breakdowns, but also reduces the maintenance costs of the equipment and enhances op-
erational efficiency [19]. In this paper, we focus on the latest progress of wind turbine
bearing fault diagnosis by systematically combing the research results of recent years.
First, the common failure causes of wind turbine bearings are introduced, and their typ-
ical failure modes are classified to help the reader understand the causes and effects of
bearing problems. Second, the current bearing diagnosis methods are summarized.
Among them the research advances in wind power bearings fault diagnostics based on
spectrum analysis, wavelet analysis, and artificial intelligence analysis are reviewed in
detail. Meanwhile, the most advanced fault detection methods for traditional mechanical
bearings and the deficiencies of the current fault diagnosis technologies for wind turbine
bearings are summarized. Finally, the future research direction of the wind turbine
bearings diagnostics is pointed out.
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2. Wind Turbine Bearings’ Failure Patterns Analysis

To achieve the demand of wind power generation, wind turbines are normally in-
stalled offshore or located in remote mountain areas and operate in extremely harsh
conditions [20]. Unpredictable loads caused by dust, humidity, temperature, air pressure,
and wind gusts can expose the main load-bearing components in the unit to severe al-
ternating loads, which can make the drive train extremely susceptible to wear, fatigue
and corrosion, leading to set malfunction [21]. In this regard, bearings, as one of the most
crucial and vulnerable components of the drive train, are directly related to the reliable
operation of wind turbine equipment. In addition, due to the differences in wind turbine
sizes and bearing combinations, each type of bearing would have multiple failure modes
because of their different design mechanisms and operating conditions [22]. For these
reasons, it is considered necessary to distinctly classify failure modes based on fault
characteristics and understand different data acquisition techniques and signal pro-
cessing methods to effectively diagnose faulty bearings in wind turbines.

The major manifestations of bearing failure are in the forms of material spalling and
wear [23]. Su et al. [24] analyzed the operational data of wind turbines from several
wind farms and found that the outer rings of generator bearings had the highest number
of failures due to galvanic corrosion and were subject to inadequate lubrication. By ex-
amining fractured pitch bearings, Tao et al. [25] discovered that the action of alternating
loads caused crack expansion and bearing material fracture. Errichello et al. [26] indi-
cated that adding sufficient amounts of viscosity modifiers and suitable anti-wear addi-
tives to the lubricant can reduce phenomena such as Brinell indentations that occur in
pitch and yaw bearings. Liu et al. [27] analyzed the structure of the failed bearing of a
wind turbine main shaft. It has been suggested that the main reason for bearing failure is
because of improper heat treatment resulting in unqualified rolling body hardness.
Schwack et al. [28] investigated the structure of wind turbine pitch bearings using finite
element models. The results showed that the stresses between the bearing ball and
raceway were primarily related to the magnitude of the contact angle. Bhardwaj et al.
[29] performed a reliability analysis on wind turbine gearbox bearings. It was found that
wearing particles of bearing steel was a major cause of gearbox failure while proper lu-
brication could precisely reduce the bearing wear and micropitting. Grujicic et al. [30]
analyzed the causes of premature failure of gearbox bearings using finite elements. It
was argued that white etched cracks and the spalling of material were the major causes
of bearing failure. Bovet et al. [31] established a dynamics model of wind turbine bear-
ings under high torque loads. It was concluded that the phenomenon of fatigue damage
in ball bearings was mainly caused by the concentration of stresses in the cage and the
outer ring due to rolling contact.

Common bearing problems in wind turbines include fatigue, wear, defects, dents,
and corrosion failures. Here are the characteristics and causes of typical failures.

e  Plastic deformation

The plastic deformation is unreversible [32]. The deformation of large areas, such as
inhomogeneous craters on the surface of material contacts, can occur at the macroscopic
level as a result of high loading or misalignment. Only very small contact areas of the
contact surface experience plastic deformation at the microscopic scale, which might re-
sult in distortion such indentations that are difficult to see [33,34]. In general, surface
and localized surface plastic deformations are two types of plastic deformations. The
additional interpretation is as follows.

(a) General surface plastic deformation

As the surface of the bearing material rolls and slides, it continuously produces
plastic collisions, which result in the formation of a cold-rolling surface [35]. When the
polishing of the cold-rolled surface is more severe, shallow cracks are highly prone to
form on the contact surface. Additional development of the shallow fractures could result
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in microscopic spalling in the surface area, which in turn further covers the contact sur-
face [36]. The general surface plastic deformation is caused by direct contact between two
rough surfaces with no lubricating film being formed. Therefore, when the oil film lu-
brication parameter is less than a certain value, general surface plastic deformation oc-
curs. The lower the oil film lubrication parameter, the more severe the plastic defor-
mation that occurs on the surface [35,37].

(b) Local surface plastic deformation

The local surface plastic deformation typically occurs near the original defects on the
friction surface [38]. Overloading, misalignment, and improper assembly can lead to
common indentations, bumping injuries, bruises, and scratches on the bearing surface
[39]. A diagram of the wind power bearing surface’s plastic deformation failure mode is
shown in Figure 2 [40-42].

. Indentation

Indentation is a phenomenon of cratering generated by the intrusion of solid metal
particles or external impurities of the bearing into the surface caused from poor sealing
under load [43]. Figure 2a shows the indentation of rolling elements of wind turbine
gearbox bearings due to overload. The indentation is of different shapes and sizes with a
certain depth. Its edges are smooth and slightly raised [44].

e  Bumping injuries

Bumping injuries are mainly pitting phenomena caused by the collision of tough
metal bodies with each other [45]. Figure 2b illustrates a schematic diagram of the wear
bump injury of the inner ring on a wind turbine gearbox bearing. Its morphological fea-
tures differ in shape and size depending on the force of the impact. It has, however, a
certain depth and often has protrusions at the edges.

° Bruising

As shown in Figure 2c, bruising is the occurrence of metal migration between two
mutually contacting moving parts, which arises from sliding friction under load. When
the pressure stress force is excessive, it may be accompanied by the appearance of metal
surface burn marks [46]. The shape of the bruise is indeterminate, with definite length
and width. However, its depth generally varies from deep to shallow along the sliding
direction.

e  Scratch

A scratch is a mark formed when a solid, sharp object invades the surface of a part
under pressure and produces relative traces of movement [47]. It is generally linear, with
a certain depth, narrower than the width of the bruise, generated mainly on the working
surface of the part and the mating surface, as shown in Figure 2d. In contrast, strain oc-
curs only on the inner diameter mating surface of the bearing. It is oriented parallel to the
axis, has a certain length, width, and depth, and appears in groups [46,48].

Scratch
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Figure 2. Wind power bearing partial surface plastic deformation failure graphs, (a) Bearing rolling
elements’ indentation; (b) Bearing inner ring bump injury; (c) Bearing rolling body bruising; (d)
Bearing rolling body scratches (Adapted with permission from Refs. [40—42]. Copyright 2017 Else-
vier).

Bearing plastic deformation mainly refers to the mechanical damage to its surface
caused by the effect of stress. When there is a large static or shock load, it arises as the
force exceeds the yield strength of the bearing material. The specific failure modes of
plastic deformation have been described in the previous subsections. On this basis, we
describe the causes and effects of plastic deformation failure of wind power bearings, in
addition to a comprehensive analysis of the failure. Shown in Figure 3.
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Figure 3. Plastic deformation failure analysis of wind turbine bearings [49,50].

. Wear

Wear is the effect of friction on materials in mutual contact, resulting in metallic
depletion or residual deformations that alter the friction properties of the bearing. When
dirt, dust, or flaking iron chips enter the lubricant, it prevents the formation of oil film on
the raceway surface, which further aggravates the occurrence of wear. The continuous
abrasion leading to the failure of the bearing to operate properly is referred to as wear
failure [51]. According to the tribological definition and the material used in wind power
bearings [52], the forms of bearing wear are classified into four categories.

Wear is defined as the removal and consumption of material from contact surfaces
caused by mechanical movements [51]. According to the mechanistic characteristics of
the surface damage of wind turbine bearings, the common wear phenomena and mech-
anisms of the bearing wear process have been described in detail at Table 1 and Figure 4.
In addition, on this foundation, we have further illustrated the causes and effects of wind
turbine bearing frictional failure and made a comprehensive analysis of the failure
modes, illustrated in Figure 5.

Table 1. Wind power bearings wear form classification (Adapted from [53-60]).

Wear Type Definition Wear Phenomenon
Adhesive wear is the mutual movement of materials on mutually rubbing
surfaces, resulting in the transfer of substances onto the surfaces in rela-
tive motion. This further leads to a change in the morphology of the con- Scuffing, seizing, flak-
Adhesive Wear tact surfaces [53], as shown in Figure 4a. In the case of insufficient lubri- ing, skidding galling,

cation, the friction surface is prone to local deformation and damage and plastic defor-
phenomena due to the local friction temperature rise of the material. In  mation.

severe cases, the surface metal will be locally spalled off, causing plastic

deformation on the contact surface [54,55], as illustrated in Figure 4b.
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Abrasive Wear

Corrosion Wear

Fretting Wear

Abrasive wear is defined as the loss of material from a soft surface due to

a slip when a tough surface or particle comes into contact with a softer

surface. This is shown in Figure 4c. Differences in the coarseness and Scratches, dents, in-
characteristics of its abrasive grains can lead to different degrees of mate- dentations, bruises,
rial wear surface darkening [56]. Therefore, when abrasive particles such plastic deformation,
as dirt, sand, or flaking iron chips produce continuous wear that causes and chips.

the bearing to become non-functional, it is termed as abrasive wear failure

[57], as shown in Figure 4d.

Corrosion wear is the chemical reaction between the material on the

bearing surface and the ambient medium, causing its interface to be

damaged and failure. It mainly includes two categories of moisture corro- Seizing, craters, cracks,
sion and friction corrosion [58,59]. When the bearing surface is in contact pitting, and partial
with moisture, moisture corrosion will occur, as illustrated in Figure 4e.  flaking.

In addition, frictional corrosion is mainly caused by the metal of the

bearing surfaces rubbing against each other.

Fretting wear is caused by fretting corrosion and Brinell indentation of

the contact surfaces caused by micro-sliding and rolling between the

bearing contact surfaces. Among them, fretting corrosion occurs in the

non-lubricated condition, which produces severe adhesion on the bearing Brinell indentation,
surface. Brinell indentation, on the other hand, happens in the boundary chipping, pseudo in-
lubrication situation on the bearing, with slight adhesion [60]. At the be- dentation, and scuffing,
ginning, Brindle indentation presents a pseudo-indentation form. When notches.

the friction surface is formed without lubrication by the abrasive debris

blocking the lubricant, it is gradually upgraded to fretting corrosion, as

shown in Figure 4f.

esive wear

(C) Hard,rough surface

Soft surface

mmsive grits on
i the top surface
Soft surface

@

Soft surface

Fretting Wear

Figure 4. Wind power bearing wear forms and types, (a) Wind power gearbox bearing outer ring
adhesive wear failure; (b) Bearing material adhesive wear EDM; (c) Bearing abrasive wear mecha-
nism; (d) Bearing raceway abrasive wear; (e) Pitch bearing roller balls’ corrosion wear; (f) Pseu-
do-indentation caused by fretting wear of the bearing inner ring (Adapted with permission from
Refs. [54-60]. Copyright 2013 Elsevier).
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Figure 5. Wear failure analysis of wind turbine bearings [49,61].

. Cracks and fractures

When the stress, temperature, and impact to which the bearing is subjected exceed
the fracture limit of the material, partial fracture occurs inside or on the surface, and the
phenomenon is called cracking [62]. When the cracks grow to a certain extent, making the
bearing part of the material completely out of the bearing matrix, this phenomenon is
called fracture [63]. As presented in Figure 6, the factors of common bearing cracks and
fractures include the following three main aspects.

Fatigue fracture

Figure 6. Factors of wind power bearing cracks and fractures [64-66]. (a) Wind turbine gearbox
bearing WECs; (b) Fatigue fracture of blade bearing inner raceway; (c) Thermal cracks occur on the
outer ring side face.

(a) Forced fracture

Forced fracture is caused by the concentration of stress exceeding the tensile
strength of the material. When the bearing is damaged by external forces, it causes
forced fracture [67]. In this case, white etching cracks appear on the bearing and further
lead to structural spalling, as shown in Figure 6a.

(b) Fatigue fracture

Fatigue fracture mainly refers to the bearing in the cyclic alternating stress effect,
resulting in structural changes and defects of the internal material. Its occurrence is often
characterized by suddenness and high localization [68], which is mainly manifested by
fracture of the running surface of the bearing, as shown in Figure 6b.
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(c¢) Thermal cracks

Thermal cracking usually occurs between the bearing rollers and raceways, where
frictional heat from the sliding of the surfaces in contact with each other causes cracking.
Mounting misalignment, lubricant failure, elevated impact loads, and excessive dust are
the main causes of bearing thermal cracks. A sudden rise in temperature during bearing
operations can cause changes in the structure and strength of the material, and when the
stress exceeds the tensile strength of the material, thermal cracking appears [69,70], as
shown in Figure 6c.

As discussed above, cracks are failures caused by discontinuities or fractures in the
material, while fractures are the result of crack formation and extension. Various factors
such as improper heat treatment, collision or temperature during installation, stress
concentration, thermal shock, etc., can cause cracks and fractures in bearings. Figure 7
illustrates the causes and effects of common cracks and fracture failure modes in wind
turbine bearings and provides a comprehensive analysis of the failures.

Stress Improper ﬁ:te::i.al Excessive Excessive Fretting Wear Ir;vasion IOf
concentration  lubrication P ng temperature shock & .
problems objects

Cracks and fractures

Thermal
cracks
_— —— ih’;';:_/‘ - \‘“\
——— — / T~
White etched . Structural . Surface Surface Brinell
Axial cracks . Deformation . .
cracks spalling grooves cracks indentation

Figure 7. Cracks and fractures failure analysis of wind power bearings [49,71].

e  Electric erosion

As shown in Figure 8, electric erosion is the phenomenon of sparking when the
electric arc flows through the bearing and causes the displacement of materials from the
contact surface and local melting [72,73]. The bearing suffers from electric corrosion, its
surface is partially heated and melted, and the damaged area normally shows spots,
grooves, dense minute pits, and metal melting phenomena. Electro-etching reduces the
hardness of the bearing material and accelerates wear, and also induces fatigue spalling
[45,74]. Electric erosion on wind turbine bearings is associated with the voltage and cur-
rent [75].

aped grooves

Figure 8. Wind power bearing electric erosion failure [72,73]. (a) Electrolysis causes spindle groove
corrosion and (b) Ripple-shaped grooves appear on the outer ring of the bearing.

(a) Excessive voltage
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When there is a current through the bearing inside, there is a voltage difference on
the contact surface. If the voltage difference is high enough to break through the insula-
tion layer, the bearing rolling body and raceway contact surface will be locally heated
and generate extreme temperatures. In turn, this causes localized surface melting and the
formation of arc concave or groove corrosion [72,76]. Shown in Figure 8a.

(b) Excessive current/current leakage

When the current is too high/there is current leakage, the bearing surface is easily
damaged. Initially, they appear as shallow annular pits, with adjacent pits that are in
close proximity and are small in size. Over time, the annular pits will develop into cor-
rugated grooves [77]. These corrugated grooves will appear on the roller and raceway
contact surfaces, as shown in Figure 8b, which are equidistant and darker at the bottom.

Bearing electro erosion is the breakdown of the contact part between the rolling
element and the raceway by an electric current, resulting in localized melting and dent-
ing [74]. Based on the above in-depth discussion of corrosion phenomena and patterns,
we have collated a comprehensive analysis of the causes and effects regarding the failure
modes of electric erosion. This is shown in Figure 9.

Rolling surface electrification

L

Electrical erosion

! Groove Fatigue Thermal |
erosion fracuture cracks |
|
|

Adhesive Surface
wear fusion I

Figure 9. Electrical corrosion failure analysis of wind power bearings [49,78].

e  Lubricant

The utility of a lubricant is to prevent direct contact between the rolling element,
raceway, and cage to keep the bearing in a well and stable working condition [79]. An
effective lubricant can generate a lubrication film on the contact surface of the bearing,
reduce the noise generated during running of the bearing, evacuate heat, and prevent the
bearing from rusting or corroding [80]. The normal operation of the bearings depends on
the existence of good lubrication between the components. Its failure is mainly attributed
to insufficient lubrication, excessive lubrication, and ineffective lubrication, as shown in
Figure 10.




Lubricants 2023, 11, 14

10 of 34

Figure 10. Wind power bearing lubrication failure [80-82]. (a) Insufficient spindle bearing lubrica-
tion; (b) Over lubrication of pitch bearings; (c¢) Main bearing grease contamination.

(a) Insufficient lubrication

Insufficient lubrication will make the bearing enter a poor oil state, prone to the
formation of adhesive wear. Poor oil contact between materials can cause high bearing
temperatures and lead to discoloration of the raceways and rollers. It can contribute to
excessive bearing wear and serious damage [83].

(b) Over lubrication

When there is excessive lubricant, it increases the rotational resistance of the bear-
ing, which causes a linear elevation of its temperature rise and leads to a larger frictional
torque of the bearing. In addition, the bearings are prone to scratching and spalling under
high-load, low-speed applications or continuous high temperature [84].

(c) Ineffective lubrication

Lubricants with different additives are likely to be incompatible. There is a possibil-
ity of chemical changes when lubricants are mixed, which may cause the quality of the
lubricant to deteriorate or it even tends to solidify. Oil breaks, on the other hand, can
cause excessive bearing wear and noise. In addition, wrong lubrication can lead to over-
or under-lubrication of the bearing [85].

(d) Lubricant contamination

Moisture from the air, wear particles, and debris in the bearings are the key reasons
for the contamination of lubricants [86,87]. When the lubricant in the bearing is contam-
inated, a chain reaction of oxidation will occur, generating substances such as oxide gum
with oil sludge to corrode the equipment and cause bearing failure.

Keeping well lubricated bearings will ensure their reliability and extend the service
life of them [80]. The detrimental effects of lubrication failure on bearings are
self-evident. On these grounds, Figure 11 concludes the causes and influences of wind
turbine bearing lubrication failure and provides a thorough analysis of the failure.

Lubricant failure

Ineffective
lubrication

Bruising |
and : Brinelling = Abrasion  Scratching Burning Peeling
wear cracking fracture wear |

| snagging |

! Adhesive

Thermal Fatigue Abrasive

Figure 11. Lubrication failure analysis of wind power bearings [49,88].

e  Contact fatigue

Contact fatigue of bearings is the change in material structure due to repeated stress
application. It begins as pitting with a slight shape and size, but with the expansion of
pitting comes fatigue spalling [89]. The morphological features of fatigue spines are typ-
ically of a certain depth and area, and the rolling surface is unevenly scaled. The current
mechanisms of bearing fatigue failure are generally divided into the following two cat-
egories.

(a) Surface origin
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Surface-originated contact fatigue mainly manifests itself as a bearing roll contact
surface uneven fault, with the surface as the origin of fatigue spalling. It occurs especially
when the bearing operates under boundary lubrication without forming oil film or in-
sufficient lubrication in the rolling contact area [90].

(b) Sub-surface origin

Sub-surface origin type contact fatigue is expressed as the bearing internal of the
origin of the fatigue spalling. It starts as microcracks that develop below the bearing
raceway surface, and spalling occurs when the microcracks pass to the bearing surface
[91]. As shown in Figure 12.

Bearing contact fatigue is commonly characterized as structural organization
changes on a microscopic scale and material falling at a macroscopic level [89]. As de-
scribed above, fatigue failures of bearings are classified into surface origin type and
subsurface origin type. We have performed a detailed analysis of the two failure mecha-
nisms based on wind turbine bearing contact fatigue and presented a comprehensive
analysis of the failures, as shown in Figure 13.

(b)

Figure 12. Subsurface origin type contact fatigue process, (a) Changes in structure under the
raceway surface with time; (b) Microcracks’ development under the raceway surface. (Adapted
with permission from Refs. [91,92]. Copyright 2015 Taylor & Francis).

Contact fatigue

Fatigue Cracking and

. |
"l Indentation |

| s
| Crater Pitting deformation

Figure 13. Contact fatigue failure analysis of wind power bearings [49,93].

e Engineering failure

Engineering failure of bearings is attributed to a combination of various factors [94].
It is classified by the authors as follows.

(a) Manufacturing factors

e  Bearing structure design
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A structural design is determined based on the target values of in-service perfor-
mance. At the design stage, various aspects can render the structure design inapplicable
or disconnected from the application, or it can even deviate from the desired target val-
ues, which can be prone to the early failure of the bearing [95,96].

e  Material quality

In terms of the bearing material itself and its characteristics, there may be micro-
scopic porosity, shrinkage, air bubbles, white spots, and other problems within it. In ad-
dition, all these defects are the main causes of the early fatigue spalling of the bearings
[97]. Among the material qualities, another factor that mainly affects the fatigue perfor-
mance of bearings is the purity of the material. It is specifically expressed in the amount
of oxygen content in the bearing steel and the number of inclusions, the size, and distri-
bution.

e  Heat treatment quality

Bearing heat treatment includes normalizing, annealing, carburizing, quenching,
tempering, additional tempering, etc. [98]. Its quality is directly related to the quality of
subsequent processing and bearing performance.

(b) Operating factors

The operating factors include bearing selection, mounting, lubrication, sealing, etc.
[99].
e  Bearing selection

The most common mistake is the improper selection of bearings, which leads to
overloads and vibration.
e Installation

Improper mounting practices can easily lead to bearing damage or local stress con-
centrations in the parts, resulting in fatigue. The amount of excess can cause an increase
in tension on the inner ring raceway surface and a decrease in the fatigue resistance of the
part, even to the point of fracture [100].

e  Lubrication

Improper lubrication induces abnormal frictional wear and generates a large
amount of heat, which affects the material structure and lubricant properties. If the lu-
brication is inadequate, it can lead to wear fatigue and reduce the service lifetime of the
bearings [101].

e  Sealing

Poor sealing easily makes impurities enter the bearing. This affects the normal con-
tact between the parts to form a source of fatigue and can cause pollution to the lubricant
[102].

Bearing failures caused by manufacturing are generally referred to as engineering
failures in the paper, and the multiple forms have been discussed in depth. A full ex-
planation of the failure modes has been performed to further help the reader understand
the causes and consequences of engineering failures. This is illustrated in Figure 14.
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Figure 14. Engineering failure analysis of wind power bearings [49,103].

In the previous subsections, various causes and modes of bearing failure have been
described. Generally, failures are caused by multiple causes and are accompanied by
various failure modes. The mode of bearing failure is dominated by either material fail-
ure or premature fatigue. Material failures are caused by components and structures and
are reflected in phenomena such as cracks and wear, while premature fatigue of bearings
involves plastic deformation, improper lubrication, electrical corrosion, and engineering
failures. Figure 15 shows a summary of a detailed classification of bearing failure modes.

Figure 15. Classification of wind power bearing failure mode [49,104].

As wind turbine bearings operate in harsh conditions, the environment, tempera-
ture, and load are continuously changing, making it easy for wind turbine bearings to
malfunction. For the fault diagnosis of wind turbine bearings, it would be easier to iden-
tify the bearing failure modes if researchers could master these failure modes and com-
bine them with some signal processing analysis methods. In this way, the efficiency of
bearing fault diagnostics can be made more efficient for further enabling the
cost-effective purpose of wind turbines. Combined with the above description and ref-
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erences [49,103,104], etc., some common failure types and failure modes of wind turbine
bearings are listed, as shown in Table 2.

Table 2. Common wind power bearing failure types and failure modes [49,103,104].

Bearing Type

Failure Mode

Main shaft bearing
Generator bearing
Pitch Bearing

Yaw Bearing

Gearbox bearing

Forced fracture; fatigue fracture; thermal cracks; adhesive wear; abrasive wear;
plastic deformation; contact fatigue; lubricant failure; engineering failure.
Forced fracture; fatigue fracture; thermal cracks; adhesive wear; abrasive wear;
plastic deformation; contact fatigue; lubricant failure; engineering failure.
Forced fracture; fatigue fracture; corrosion wear; fretting wear; plastic defor-
mation; contact fatigue; lubricant failure; engineering failure.

Forced fracture; fatigue fracture; corrosion wear; fretting wear; plastic defor-
mation; contact fatigue; lubricant failure; engineering failure.

Forced fracture; fatigue fracture; thermal cracks; adhesive wear; abrasive wear;
plastic deformation; electrical erosion; contact fatigue; lubricant failure; engineer-
ing failure.

3. Wind Power Bearings’ Fault Diagnosis Mechanism and Process

Bearings are extensively applied in various components and subsystems of wind
turbines [105]. The most commonly used bearings in wind power systems are ball bear-
ings; however, the trend is heading toward roller bearings [106].

Roll bearings generally include inner rings, outer rings, roll elements, and cages. If
the bearings fail, it is susceptible to triggering severe damage to the wind turbine. Bear-
ing failures usually initially appear as wear of the surfaces. Later they develop into some
major failure modes such as fatigue, indentation, cracking, or fracture of the outer ring,
inner ring, rolling elements, and cage [107,108]. Different characteristic frequencies of the
bearing are caused by these failures. The characteristic frequencies of each part of the
bearing are the crucial factor for fault diagnosis. The fault frequency equation can be es-
tablished based on the bearing self-parameters and rotational speed. The fault character-
istic frequency equation of each part of the wind power bearing is shown in Table 3.

Table 3. Wind power bearing failure characteristic frequency formula(Adapted from [109,110]).

Failure Location Characteristic Frequency Calculation Formula

d

Inner ring fopi =0.5-Z - f, ~(l+Bcosa)
d

Outer ring fopto=0.5-Z- f, - (1—Bcos a)

. D d 2
Rolling element fogt =0.5~E~ f, -[1—(Bcosa) }
Cage f =05 f, «(1—%cosa)

where: D': bearing diameters; Z : number of rollers; d: rolling body diameter; d: bearing radial
contact angle; f. frequency of rotation of the shaft.

The characteristic frequency of failures in wind turbine bearings regularly varies
with the location of the damage, and both the magnitude and amplitude of the charac-
teristic frequency imply the occurrence of failures [111]. Common faults with wind
power bearings include fatigue, wear, cracks, dents, and corrosion. Since the difference
in the waveform amplitude of the fault characteristic frequency indicates the degree and
modes of failure, the failure of different parts will also have different waveforms [112].
Hence, fault diagnosis of bearings is one of the effective methods to determine if a bear-
ing has failed. When a bearing surface fails due to damage, rotation causes the formerly
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contacted surface to come into contact with the defective part, resulting in an alternating
excitation force. This effect is significantly periodic [113,114]. Among them, the outer
ring, inner ring and rolling elements’ failures have obvious periodic characteristics. With
the vibration generated by the bearing failure and its periodic change in amplitude, it is
available for abnormal diagnosis of the bearing. A major problem in early bearing fault
diagnosis was the absence of any characteristic frequencies or a low signal noise ratio in
the signal [115]. However, in actual diagnostic work, it is difficult to obtain the dimen-
sional parameters of the bearing components, except for the number of rolling elements.
However, the merchant will provide the bearing characteristic coefficients correspond-
ing to each type of bearing model. Therefore, the individual characteristic frequencies of
the bearings can be calculated from the bearing characteristic coefficients and the current
shaft rotational frequency where the bearings are located [116].
Figure 16 depicts a typical wind power bearing fault detection process.
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Figure 16. Typical wind turbine fault diagnosis process(Adapted from [117]).

Sensor n

The fault diagnosis procedure for wind power bearings mainly involves real-time
monitoring of the system using a large number of sensors installed on the device.
Through the operational data of the system and in combination with known system
structure and parameters and historical operational data, we predict, analyze, and judge
failures that may be about to occur or have already occurred. Decision support for sys-
tem repair and maintenance is provided to restore the equipment to its normal state as
soon as possible and to minimize losses and maintenance costs [118,119].

4. Research on Wind Power Bearing Fault Diagnosis Technology

The failure modes and fault detection techniques of wind turbine bearings are cov-
ered in the first two chapters. In order to improve the safety and reliability of wind tur-
bines and reduce the operation and maintenance costs, it is necessary to study the fault
diagnosis technology of wind turbine bearings. Currently, fault diagnostics for wind
power bearings are being developed in the following stages. In the first stage, spectral
analysis is commonly used for bearing fault diagnosis. In the second stage, fault diagno-
sis is performed using pulse and resonance demodulation techniques (wavelet analysis).
While in the third stage, computer-based fault diagnosis is proposed.

4.1. Fault Diagnosis of Wind Turbine Bearings Based on Spectrum Analysis

Complex signals can be broken down into simpler ones using the spectrum analysis
technique [120,121]. This method entails processing the signal in the frequency domain,
converting a time domain signal that would not typically fluctuate intuitively into a
frequency domain signal (e.g., amplitude, power, intensity, or phase, etc.), and obtaining
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unique information not present in the time domain signal by extracting various features
of the signal in the frequency domain [122]. At this stage, the fault diagnosis for wind
power bearing spectrum analysis is mainly implemented on a computer by fast Fourier
transform (FFT) of the collected bearing data signals [123,124]. In order to identify the
most abrupt amplitude and frequency components of the harmonic components of the
data signal as the root of fan faults, the amplitude spectrum and phase spectrum are
primarily used in the analysis of fan bearing faults [125]. As a traditional analysis meth-
od, the fault diagnosis method of wind turbine bearing based on spectrum analysis is
still in the trendy area of study.

In the frequency domain analysis based on Fourier transform, Bodla et al. [126] used
the fast Fourier transform (FFT), Hilbert-Huang transformation (HHT), feature extrac-
tion, and logistic regression (LR) approaches. Qi et al. [127] used Teager energy algo-
rithms to enhance the shock signals of wind turbine bearings after deconvolution and
applied FFT to the augmented signals. Finally, the composite fault characteristics of the
bearings were effectively identified by analyzing the fault characteristic frequencies in
the spectrogram. Ma et al. [128] used empirical modal decomposition (EMD) to perform
modal decomposition of vibration signals. Then, the larger eigenmodes are filtered by
correlation coefficients for signal reconstruction. After that, the main faults of the bear-
ings are identified using spectrum analysis and the composite faults are diagnosed again
by an adaptive trap.

Acoustic measurements and vibrational signature signals are combined to provide
the most general spectral analysis of wind power bearings. In order to increase the pre-
cision of acoustic signal diagnosis methodologies, Yu et al. [129] used ensemble empiri-
cal mode decomposition (EEMD) and local Hilbert marginal spectrum (LHMS) for the
defect diagnosis of wind turbine bearings. This technique collects acoustic emission sig-
nals using signal acquisition hardware, decomposes them using EEMD, and then evalu-
ates the decomposed signals using the LHMS method to identify fault types. The ex-
periment was carried out using AE detection tools, and the outcomes demonstrated that
the technique can more accurately measure the frequency and amplitude of the fault
signal. This method, however, is not general and is only used for failures in the outer
ring and roll portion of the bearings. Similarly, a method of analysis that combines
1.5-dimensional energy spectrum and EEMD decomposition was put out by Tang et al.
[130]. The method first performs EEMD decomposition and noise reduction of the vibra-
tion signal. After that, the modal screening reconstruction and 1.5-dimensional energy
spectrum analysis were performed with the Teager algorithm. Finally, the fault type was
determined by combining the eigenfrequencies. Ma et al. [131] gathered the pitch bear-
ing vibration signals and devised a shock chain identification method based on the time
domain waveform in the frequency spectrum. It was found through implementation in
real wind farms that the method can accurately assess the level of contaminants in the
bearing racetrack and diagnose pitch bearing defects. However, the proximity is insensi-
tive to low-frequency vibrational signals during the early stages of the fault. Fan et al.
[132] suggested a diagnosis technique that incorporates vibration signals from wind tur-
bine bearings with morphological multi fractal (MMF) and improved grey relational
analysis (IGRA). In order to realize the fault diagnosis of wind turbine bearings, the
method first used MMF to calculate the parameters of the generalized dimension of the
bearing state and the multifractal spectrum, selected the effective parameters from them
as the fault feature quantity, and finally input the bearing state features into the IGRA
model. While this technique is able to pinpoint flaws in each component of the bearing,
it is not able to pinpoint the exact mode of failure. Wang et al. [133] introduced a mul-
ticlass relevance vector machine (MRVM) approach to improve the accuracy of bearing
fault diagnosis for the purpose of reducing the influence on control parameters in fault
diagnosis. The method starts by dividing the bearing faults into a training set and a test
set using feature vectors. The training set is input into MRVM for training, and the test
set is used for input into the trained model for testing. The experimental results demon-



Lubricants 2023, 11, 14

17 of 34

strate that the method can effectively improve fault diagnosis accuracy and efficiency.
The approach, however, is only applicable to wind turbine spindle bearings and is not
widely available. McDonald et al. [134] used the impulse signal from the defective part
as the monitoring signal and applied the multipoint optimal minimum entropy decon-
volution method adjusted (MOMEDA) approach as a bearing fault detection tool. The
proposed method can successfully extract information about numerous fault features
from composite fault signals, as demonstrated by the study of spectroscopic data of
gearbox fault vibrations. In addition, it serves as a guide for the signal identification of
various defects. Similarly, Rezamand et al. [135] suggested a comprehensive diagnostic
technique based on a combination of signal processing and an adaptive Bayesian algo-
rithm. Utilizing the bearing failure characteristics, they effectively predicted the remain-
ing service life of the bearings using the ordered weighted averaging (OWA) operator
approach. In order to monitor the operation of the pitch bearing at low speeds and high
loads, Sandoval et al. [136] proposed entropy indicators (Els) based on Fourier trans-
form. Vibrational signals of bearings with various health conditions were tested,
demonstrating that Els can better monitor the bearing operating condition at low speeds.
Mollasalehi et al. [137] proposed fault diagnosis based on wind turbine tower vibrations.
The method collected vibration data by means of accelerometers installed in the tower,
and the vibration signals obtained from the tower and generator bearings were corre-
lated and analyzed by empirical modal decomposition (EMD). It was shown that the
fault signal of the dynamo bearings can be derived from the tower vibrations, and the
condition monitoring system of the nacelle assembly can also be used to monitor the
operation status of the dynamo bearings. While this approach reduces the workload of
data mining for wind farm operations, it is susceptible to inaccurate measurements due
to background noise interference when performing acoustic signal extraction. Similarly,
Castellani et al. [138] suggested a method to diagnose wind turbine drive train bearings
by measuring vibration data at the tower. The proposed method performs vibrational
data processing using a multivariate novelty detection algorithm in the feature space.
Afterwards, the data set was examined using principal component analysis (PCA) and
the abnormal condition of the damaged wind turbine was accurately detected based on
a novelty index based on the Mahalanobis distance. Artigao et al. [139] conducted in-
depth tracking of wind turbine gearbox faults based on the time series evolution of the
current and vibration spectrums. Spectral analysis was performed by identifying ro-
tor-related fault frequency components with peaks found in the current and vibration
spectra. Thus, fault diagnosis of gearbox bearings was achieved.

Spectrum analysis-based fault diagnosis methods for wind turbine bearings are still
the mainstream research methodology [120]. The identification of spectrograms is im-
portant for bearing fault diagnosis and maintenance. Spectrum analysis is an essential
foundation for guiding the service of wind turbines, which usually plays a decisive role
in finding the root causes and solving the faults basically [140]. However, with wind
turbines mostly being installed in remote areas, the work environment is also compli-
cated. The noise generated during the operation of the device is relatively loud, and the
extraction of the characteristic parameters of the bearing signal is often easily obscured
by additional noise, leading to more difficult fault extraction. This also leads to spectral
analysis results for spectra that are often not easy to observe. Therefore, if the frequency
band of bearing fault characteristic frequency can be analyzed by decomposition and
reconstruction of the wavelet, the location and type of bearing fault will be extracted
more effectively.

4.2. Fault Diagnosis of Wind Turbine Bearings Based on Wavelet Analysis

The wavelet analysis technique continues the idea of short-time Fourier transform
localization and was originally introduced into the field of signal processing by the
French scholars Daubeches and Callet [141]. This concept is carried over by wavelet
analysis techniques. It is primarily a time - frequency localization analysis method that
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characterizes such a signal by its projection in space, whose shape, time window, and
frequency can be varied. Due to the excellent localization properties in the time and fre-
quency domains. It is mainly a time—frequency localization analysis method that char-
acterizes such a signal by its spatial projection, whose shape, time window, and fre-
quency can be varied. In addition, it has the multi-resolution property of analyzing the
high and low frequency components of the signal simultaneously, so it is widely used in
the fault diagnosis of wind power bearings [142,143].

In wavelet analysis based on signal denoising, in order to reduce the noise interfer-
ence produced during bearing operation, Xu [144] proposed a noise reduction method
based on fast Fourier transform combining multi-resolution singular value decomposi-
tion (MRSVD) with the diagnostic model of improved random forest algorithm P-RF
(P-RF (particle swarm optimization (PSO) combined with random forest (RF)) in order to
reduce the noise interference generated during bearing operations. Experiments demon-
strated that the method better suppressed the noise interference of vibration signals and
accurately extracted the characteristics of the faults. This procedure, however, only ex-
amined one failure signal; a more thorough investigation is required in order to identify
the cause of the simultaneous occurrence of several faults. To lessen the effect of changes
in wind bearing speed on the vibration signal, Wang et al. [145] established a cur-
rent-assisted vibration sequence tracking approach. By establishing the axial phase ver-
sus time relation and using the instantaneous fundamental frequency of the generator
stator current signal as the time-varying axial velocity, the method sequentially samples
and tracks the vibrational envelope signal in equal bit increments. Finally, the bearing
fault characteristic frequency is determined from the power spectrum of the vibrational
envelope signal, which is obtained by resampling. It has been proven that this method
can effectively diagnose different bearing faults in direct-driven wind turbines under
different speed conditions. However, the method is only applied to the bearing fault di-
agnosis of direct-drive wind turbines at present, and further research is needed for its
application to other types of wind turbines. Li et al. [146] combined empirical mode de-
composition (EMD) and envelope spectrum analysis to diagnose wind turbine gearbox
bearing faults. The adaptive analysis was carried out after the bearing rota-
tion-generated AE signals were decomposed by EMD into intrinsic mode functions
(IMF) of various agencies. Finally, after the envelope analysis, the bearing fault features
are recovered from the IMF components. This technique has only been evaluated in an
experimental setting, so it must be used in conjunction with superior noise reduction
techniques to effectively capture faulty signals in real-world work environments.

Regarding the wavelet transform-based wind turbine bearing fault feature extrac-
tion, Inturi et al. [147] made the fault diagnosis of wind turbine gearbox bearings more
efficient by integrating a condition monitoring (CM) scheme in which the fault features
extracted from vibration, acoustic, and lubricant analysis form an input characteristic
matrix. This also provides a fresh concept for the bearing failure analysis of wind tur-
bines. Lu et al. [148] proposed a diagnostic method combining principal component
analysis (PCA) and least squares support vector machine (LS-SVM). By monitoring the
AE signals under different operating conditions, PCA is used to extract the eigenvalues
of the signatures with faults, which are fed to LS-SVM for fault identification with the
current intermediate. In practice, it has been demonstrated that the proposed method
can effectively distinguish the type of bearing failure in the valid zone. Singla et al. [149]
suggested an acoustic signal-based technique for bearing fault diagnosis and defect se-
verity detection. The method was based on Fourier transform and continuous wavelet
transform (CWT) techniques for signal feature extraction. After that, the original acous-
tic signal is expanded into the orthogonal basis functions of infinitely long sine and co-
sine waves, so that the sine waves and amplitudes of different frequencies can be identi-
fied. In this way, the identification of bearing faults is completed. However, this method
only identified the faults of the inner ring of the bearing accurately.
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The frequency bands of bearing fault characteristic frequencies were reorganized
and examined using wavelet reconstruction [150]. The wavelet transform has incompa-
rable superiority to the traditional noise reduction method for fault feature extraction
because it has greater localization features than the traditional spectrum analysis tech-
nique [151]. Nevertheless, the traditional wavelet analysis technique has a poor de-
noising effect in two aspects of threshold function selection and threshold selection.
Therefore, in order to further improve the diagnostic model, a deep relearning of wave-
let analysis can also be carried out on the original basis.

4.3. Fault Diagnosis of Wind Turbine Bearings Based on Artificial Intelligence

Artificial-intelligence-based fault diagnosis of wind turbine bearings is divided into
two main categories, symbolic reasoning (knowledge-based) and numerical computa-
tion (neural-network-based) fault diagnosis [152]. As fault diagnosis is developing in the
direction of intelligence, other methods in the field of artificial intelligence, such as fuzzy
theory, fuzzy neural network, deep learning, and machine learning, have also been rap-
idly developed in the field of wind power bearings [153,154]. After the decomposition
and feature extraction of bearing signals, the intelligent modeling of fault diagnosis is
realized by limit learning. Thus, the health condition detection and accurate fault identi-
fication of wind turbine bearings and components can be realized. The method has to
perform training and self-learning of wind power bearings” normal operational data and
fault data and then achieve fault diagnosis through inference and decision-making pro-
cess. The support vector machine (SVM), back-propagation (BP) neural network, deep
learning (DL), and convolutional neural network (CNN) methods are mainly used [155].

When dealing with multidimensional nonlinear fault information such as wind tur-
bine bearings, SVM, a method for analyzing small samples, is generally not fully adap-
tive and is mostly combined with different algorithms [156]. Turnbull et al. [157] ex-
tracted critical features to predict wind turbine bearing failures and the remaining service
life in advance, by analyzing high-frequency vibration data. By combining support vector
machine (SVM) to enable deep learning of condition monitoring systems, the prediction
was successfully performed 1-2 months before the failure occurred. However, the accu-
racy of the proposed method still needs to be improved. Altaf et al. [158] used acoustic
emission signals as a signal source and recorded acoustic signals from different faulty
bearings using a single microphone. The time, frequency domain, and spectral charac-
teristics of the faulty signals were extracted from them by computational analysis.
Learning models such as K-nearest neighbor (KNN) classifier, SVM, kernel liner discri-
minant analysis (KLDA), and sparse discriminant analysis (SDA) were trained and used
to intelligently classify the bearing data. Furthermore, the experimental results demon-
strated that the KLDA learning model can be effective for fault identification. It addi-
tionally showed the applicability of acoustic-signal-based machine learning models for
fault diagnosis. Despite this, the method is calculated only on the basis of simulations
and the tuning of the parameters is not sufficiently accurate for practical applications.
Tang et al. [159] proposed an intelligent diagnosis method by combining singular spec-
trum decomposition (SSD) and a two-layer support vector machine (TSVM). The accu-
racy of bearing fault diagnosis is effectively improved by constructing a signal matrix for
reconstruction. However, this approach has only been validated for data on individual
components of wind turbine bearings, and additional experimental data are needed for
deeper study. Wang et al. [160] presented a hyper-sphere-structured multi-class support
vector machine (HSSMC-SVM) in order to achieve multi-state intelligent diagnosis of
bearings. The AR model and the EMD of the SVD are used to extract two features and
construct a hypersphere for each category. The method was adjusted for bearing failures
by means of a hypersphere model to determine various types of failure modes. Eventu-
ally, the determination of the degree of performance degradation of the bearings at dif-
ferent locations was achieved. However, this approach is only available for all state vi-
brational signals of the bearing and requires a large amount of sample data.
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The BP neural network, as a supplement to SVM, has the advantages of simplicity
and limited computational effort. However, BP-based fault diagnosis techniques have
too much sample dependence and are computationally slow in the presence of excess
samples. An et al. [161] proposed to extract the feature information of bearings based on
EMD. By classifying the faulty and normal signals, the EMD learning of the faulty sig-
nals using the BP neural network further improved the fault database. However, the
method proved its effectiveness only by simulation, and further refinement is needed in
the experimental part. Lin et al. [162] proposed a method for wind turbine gearbox
bearing fault diagnosis. The method determined the factors affecting the bearing tem-
perature by establishing a neural network model of back propagation (BP) with an im-
proved accelerated particle swarm optimization (APSO) using principal component
analysis. Furthermore, a regression analysis was performed on the residuals of the bear-
ing temperatures. From these, the optimal threshold value was derived and its failure
state was determined. Experimental simulations of conventional PSO-BP and APSO-BP
models were performed with the measured data from the wind farm. The results indi-
cate that the diagnostic accuracy is higher using the APSO-BP model. Chang et al. [163]
constructed a fault diagnosis model for the main bearing of wind turbines. Like the ref-
erence [162], this model was based on the BP neural network for the classification pre-
diction of faults. However, it proposed a technique for extraction of historical data based
upon optimized enhanced particle filter (EPF). The EPF-BP model was designed accord-
ing to the bearing fault tree analysis (FTA) to select the fault characteristic fault parame-
ters. The method optimized the weights and thresholds of the BP neural network by us-
ing protégé open source code and Web Ontology Language. It uses the bearing temper-
ature signal as the feature quantity and combines the learning of the neural network to
share, interact, and process the bearing operation information. The method is more ef-
fective in diagnosing and identifying bearing faults and improving the reliability of
wind power bearing operation. Yet it is more tedious, and the accuracy of fault detection
is not high.

As an improvement of the BP neural network, various deep learning fault diagnosis
algorithms have emerged, such as the deep confidence network (DBN), convolutional
neural network (CNN), deep learning (DL), gated recurrent unit (GRU) neural network,
etc. Yuan et al. [164] proposed an intelligent fault diagnosis technique using a combina-
tion of convolutional neural networks (CNN) and wavelet time—frequency maps. By
performing continuous wavelet transform (CWT) on the vibration signal, the
time—frequency maps are obtained. In addition, it was input to the training model of
CNN as the feature maps to complete the diagnosis of faults. The method demonstrates
the applicability of artificial algorithms in bearing faults. However, when using CNN for
diagnosis, it needs to rely on a large amount of historical data and sample sets, and the
structure and training parameters of CNN also need to be constantly optimized and im-
proved for the stable recognition of faults. Therefore, how to reduce the reliance on fault
samples to improve the recognition capability of CNN is the next direction for im-
provement. Similarly, Kim et al. [165] presented a CNN-based technique for bearing
fault diagnosis with the purpose of improving the sampling rate of the acoustic emission
signal. This methodology computed the envelope power spectrum by acquiring the
acoustic emission signal and extracting the frequency magnitude from the characteristic
frequency range of the bearing used as a feature. After that, the normalized bearing
characteristic component (NBCC) that was used as the input data of the convolutional
neural network extracted the importance of weights using gradient weighted class acti-
vation mapping (Grad-CAM). The trained convolutional neural network will classify the
bearing acoustic emission signal as normal or faulty, accurately expressing the classifica-
tion result in bearing fault diagnosis. However, this approach is not accurate enough for
extracting low frequency features. Yang et al. [166] developed a
deep-neural-learning-based on automatic classification method for bearing fault diagno-
sis. The method classified and learned each sample in the dataset several times by a deep
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neural network (DNN). Subsequent tests on the bearing data showed that the method
can effectively classify the faulty vibration signals automatically and efficiently diagnose
the bearing fault types. However, the method still requires a large amount of data and
real signals for learning, and further improvements are needed in practical applications.
Teimourzadeh et al. [167] proposed a neural network model for bearing fault diagnosis
with continuous temperature monitoring. The method mainly used temperature indica-
tors of critical parts such as gearboxes, converters, generators, and transformers during
normal operation of the wind turbine to train and optimize the deviations from the re-
al-time measurements as correction indicators, thus achieving early prediction of faults.
However, the deviations in the calculation of the risk indicators of this method are too
large, which leads to inaccurate measurement results in practice. Deng et al. [168] de-
veloped an intelligent diagnosis method based on bandwidth Fourier decomposition
(BFD) and the multi-scale convolutional neural network (MSCNN) to improve the accu-
racy of the health assessment of wind turbine bearings under off-design operating con-
ditions. The method was decomposed by BFD of the original vibration signal and input
to the MSCNN model for fault learning identification diagnosis as the feature quantity
for bearing fault detection. Experiments have confirmed the automatic identification of
bearing fault features under variable operating conditions with this method. Although
the BFD-MSCNN method is independent of the training samples, it has only been tested
for some working conditions and further investigations are needed to learn and recog-
nize data in different operating environments. Janssens et al. [169] proposed a convolu-
tional neural-network-based feature learning model for condition monitoring. This ap-
proach used manually designed features and a random forest classifier to process signal
features via feature analysis followed by a regular classifier to classify faults. In addition,
their experimental results showed that convolutional neural-network-based feature
learning systems achieve higher accuracy. In the research of deep-learning-based fault
diagnosis methods for wind turbine bearings, Shao et al. [170] proposed a particle
swarm optimization (PSO) enhancement deep belief network (DBN) method for fault
diagnosis of rolling bearings. The method fine-tunes the weights of the restricted Bor-
man machine by learning the vibration signal of the bearing layer-by-layer continuously
and using the stochastic gradient descent method. In addition, the optimal structure of
the trained DBN is then determined using a particle swarm algorithm. By simulating
and experimentally analyzing the vibrational signals, it was shown that the optimized
DBN can learn effective features for complex classification with better accuracy and
generalization performance. Nevertheless, the computational efficiency of the proposed
method needs to be enhanced. Deutsch et al. [171] presented a diagnostic model of deep
belief network and feedforward neural network (DBN-FNN) algorithms to predict the
health status of bearings as well as their remaining lifetime. For this diagnostic model, a
set of restricted Borman machines is pretrained to automatically learn bearing fault fea-
tures, which solves the gradient vanishing problem caused by partial deep networks.
While the proposed method works better in life prediction, the computational accuracy
of the proposed method in fault diagnosis is not fully developed. Zhang et al. [172] sug-
gested a wide convolutional neural network (WDCNN) for intelligent fault diagnosis of
bearings, as shown in Figure 17. Deep learning models have enhanced fault diagnosis
accuracy with their multi-layer nonlinear mapping capabilities. It features a wide kernel
for the first regularization layer, which takes raw vibrational signals as input and em-
ploys a wide kernel to extract features and suppress high-frequency noise, thereby in-
creasing the domain adaptation capability of the model.
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Figure 17. Architecture of the proposed WDCNN model (The first convolutional layer extracts
features from the input raw signal. The classification stage consists of two fully connected layers
for classification. In the output layer, a softmax function is used to transform the logarithm of the
ten neurons so that it matches the form of the probability distribution for the ten different bearing
health conditions.) (Adapted from [172]).

Ji et al. [173] applied a deep transfer learning approach for analysis and prediction
of rolling bearing fault data. The method was built by using various types of faults of
bearings under the same operating conditions to build a deep migration learning model.
In addition, a sparse self-encoder was added for noise reduction to extract further pic-
ture features of the bearing state. This deep transfer learning approach outperforms reg-
ular CNN in terms of accuracy and adaptability, but model creation is challenging. Liu
et al. [174] proposed a bearing temperature anomaly detection method based on spa-
tio-temporal fusion decision-making. The method mainly established the normal tem-
perature rise model of the bearing based on historical data through the analytical hier-
archical process (AHP) entropy method. The temperature characteristics of the bearing
under different time and space distributions are analyzed based on the temperature sig-
nal. In addition, by comparing the actual temperature rise and the predicted tempera-
ture rise, the abnormal diagnosis of the bearing is realized. This approach provides a
superior early warning capability and a lower false alarm rate for diagnosing anomalous
temperature rises. The structure of the bearing temperature prediction model is shown
in Figure 18.
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Figure 18. AHP-entropy-based model for detecting the abnormal temperature rise of the bearings
[174].

By examining the temperature power distribution of wind turbine gearbox bear-
ings, Guo et al. [175] proposed a multi-hidden layer method based on giant neural net-
works and convolutional neural networks, and they created a bearing temperature rise
prediction model using bearing temperature history data. Experiments have shown that
the over-temperature fault model created by this method can produce quick judgments
and warnings and lower the cost of maintaining wind turbine bearings. However, this
method needs to be analyzed in conjunction with the real-time operating data of the
bearings. The temperature rise model based on temperature signals does not allow for
accurate and effective determination of failures that occur in the short term. Figure 19
depicts the block diagram of the diagnosis process.

Drawing
control chart
observation

Figure 19. Block diagram of multi-hidden layer method based on the convolutional neural network
[175].
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Chen et al. [176] proposed a bearing fault diagnosis method based on acoustic
emission signal and subspace embedded feature distribution alignment (SADA). The
method constructed the spectral dataset by acquiring the acoustic emission signals from
the bearings. The subspace alignment (SA) method is used to align the basis vectors of
the two domains, and then a classifier is trained to predict the target domain. Based on
this, a kernel function classifier is constructed to identify and diagnose faults. This ap-
proach also further demonstrates the applicability of acoustic signals for real-time fault
diagnostics of rolling bearing conditions in wind turbines. Liu et al. [177] introduced the
monitoring method which is based on the capsule network model for the troubleshooting
of wind turbine bearings. The method has established a dynamic model that can respond
to the bearing temperature by heat transfer and other theories. In addition, based on this
dynamic model, the input matrix consisting of the characteristic parameters of the bear-
ing temperature rise for the simulation is obtained. Finally, the feature extraction of the
state matrix is performed using a capsule network, and the remote diagnosis of the gen-
erator bearing is realized. However, this approach has only been tested for the main
bearings of direct-drive wind turbines and is non-universal. Guo et al. [178] built a gen-
erator thermal model that was based on the nonlinear state estimation technique (NSET)
for wind turbine temperature signals. The model applies a modified memory matrix
construction methodology to estimate the residuals between real-time measured gener-
ator temperatures. When the temperature residuals become significant, early dynamo
failures can be diagnosed from them. However, this approach has only been tested for
dynamo bearings and has not been experimentally validated for bearings in other wind
turbine components.

Currently, artificial intelligence technology has also been applied in SCADA sys-
tems. In order to monitor and diagnose the main bearings of wind turbines, Zhao et al.
[179] used a deep learning technique based on a layer-by-layer coded network of
SCADA condition monitoring data. To build a deep learning network model, this tech-
nique uses a constrained Boltzmann machine to learn layer-by-layer the primary bearing
sample data and abstract their representation. The overall condition of the main bearing
is reflected by a generative model using SCADA data. This technique also shows how
effective the layer-wise coded network deep learning approach is for detecting bearing
faults. Wei et al. [180] presented a wind turbine bearing failure warning method based on
the extreme gradient boosting (XGBoost) algorithm. This approach first uses the XGBoost
algorithm to extract historical data on bearings from SCADA and to build a predictive
model for dynamo dynamic shifts in bearing temperatures. On this basis, the bearing
failure warning threshold is determined by combining the 3ocriterion. When the critical
threshold is exceeded, the fault diagnosis system will monitor the abnormal bearing
signal in advance and automatically raise the alarm. Like reference [180], Yin et al. [181]
developed a temperature residual model in the time—frequency domain to diagnose
generator bearings. This model simulated and modeled the temperature residual char-
acteristics based on the gated recurrent unit (GRU) neural network and performed a
time—frequency domain analysis with temperature and vibration characteristics, which
was integrated to establish an XGBoost fault identification model to realize the fault di-
agnosis and identification of bearings. Nevertheless, due to the lack of experimental
testing on the bearings in different parts of a wind turbine, an in-depth discussion is still
needed in practice. Encalada-Davila et al. [182] introduced a data-based fault diagnosis
method. The proposed method enables fault diagnosis of bearings via SCADA data. A
behavioral model was established with normal (healthy) operating data and validated
with actual operating data from wind farms, which proved the effectiveness of the es-
tablished approach. However, this methodology consumes too much time when per-
forming data collection. Later, Encalada-Davila et al. [183] used the GRU neural network
to collect SCADA data and trained them. The effectiveness of the method was demon-
strated by testing the data in a wind farm. However, this approach requires a large
amount of SCADA data. Similarly, Dao et al. [184] suggested a method for wind turbine
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fault diagnosis based on SCADA data. The method was based on the Chow test method,
and a multiple linear regression model was formed with gearbox and generator temper-
ature data as the independent variables with speed data as the dependent variable. Ex-
periments proved that the model can reliably detect abnormal problems. Liu et al. [185]
developed a fault warning method for generator and gearbox bearings based on the
SCADA system. By extracting the oil temperature as the entry point for fault warning,
the XGBoost algorithm is used to establish a wind turbine component normothermia re-
gression prediction model. However, the speed and accuracy of data feature selection
still needs to be improved. Natili et al. [186] coordinated the integration of SCADA and
turbine condition monitoring (TCM) data to perform multiscale analysis. The tempera-
ture trend of the bearing was studied using support vector regression, and the faulty
unit was used as a target for vibration data analysis in the time domain, where faults
were accurately identified after calculating statistical features. However, this method
does not accurately identify faulty components. In order to reduce wind turbine opera-
tion and maintenance costs, McKinnon et al. [187] compared three fault diagnosis mod-
els, one-class support vector machine (OCSVM), isolation forest (IF), and elliptical enve-
lope (EE), using SCADA data. The experiment demonstrated that IF and OCSVM are
more accurate than EE.

The essence of wind power bearing fault diagnosis based on artificial intelligence is
to combine the existing computer network technology to mine the characteristics of
faults from the monitoring data and after that, by establishing neural networks with dif-
ferent hierarchical structures, and self-learning, interpreting, and analyzing the input
data. Meanwhile, the network weights are automatically adjusted and updated accord-
ing to the input data features, which makes the network model thoroughly exploit the
signal feature information to achieve fault diagnosis [188-190]. In the field of wind
power bearings, artificial-intelligence-based fault diagnosis methods have been widely
used. These methods rely primarily on the network structure and training algorithm,
and they are more accurate than conventional diagnostic methods in terms of feature
extraction and fault classification. However, model building still needs further devel-
opment.

5. Summary and Conclusions

Wind power has developed into the most promising renewable generation resource
as a result of recent considerable increases in wind turbines’ installed capacity and en-
ergy generation [191]. Premature bearing failure, however, exacerbates the expense of
wind power production [192]. Monitoring of wind turbine bearings is necessitated for
the early diagnosis of failures to increase power output while minimizing O&M costs
[193]. The common failure modes, causes, and fundamental tribological problems of
wind turbine bearings are fully discussed in this paper. On this basis, the mechanism
and procedure for diagnosing bearing failures are examined, which enable the reader to
better understand the basic tribological problems and their characteristics. Subsequently,
the current research on wind turbine bearing fault diagnosis methods is reviewed to
provide a comprehensive reference for future researchers for more reliable and
cost-effective wind turbine bearing diagnosis methods. Finally, a summary of the prob-
lems in the development process is provided, along with anticipated future research tra-
jectories. According to a review of earlier works, the following areas will require a sig-
nificant amount of theoretical and experimental investigation in the future.

5.1. Research on Failure Analysis for Wind Turbine Bearings

e  Ascanbe seen from earlier studies, researchers have examined wind turbine bearing
failure issues in great detail and have a thorough understanding of the various
bearing failure modes and causes. The cause of early bearing failure is still not fully
understood, and most studies assessing the mode of bearing failure in wind turbines
have been validated only under ideal laboratory conditions. In addition, because of
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the complexity of bearing failure modes, it is recommended that more basic work be
completed to understand the root cause of the failures.

In terms of the tribological failures of wind turbine bearings, comparatively less at-
tention has been focused on main shaft bearings, pitch bearings, and generator
bearings. Therefore, more basic research on bearings of such components is needed
to understand their failure mechanisms and damage modes.

In terms of the formation mechanism of the mode of bearing failure, while some
progress has been made in the form of failure and maintenance measures for wind
power bearings, the formation mechanism of the mode of failure is not yet clear. An
in-depth combination of bearings’ structure and working characteristics is needed
in the future. Starting from the aspects of coatings, lubricants, and heat treatment,
corresponding research will be conducted to analyze the influence of different fac-
tors on bearing failure modes and reduce maintenance costs.

The root cause of premature bearing failure is primarily related to lubrication and
the materials used. During manufacturing, installation, operation, and mainte-
nance, the quality of the components should be controlled to avoid breaking parts
and debris entering the bearings. In addition, the conditions of the lubricant, in-
cluding the temperature and color, should be closely monitored to ensure better lu-
brication.

Regarding the identification of the failure modes of wind power bearings, most of
the current research is directed towards the identification of singular faults. How-
ever, in practice it is usually a compound of multiple faults, a more complex failure
mode, which is also an important direction for follow-up studies.

With the widespread presence of offshore and large-scale wind turbines, a thor-
ough database of wind power bearing failures is indispensable. By diversifying the
content of the bearing failure knowledge base to handle natural damage and other
failure types, interoperability of failure data can be accomplished.

5.2. Research on Bearing Fault Detection Methods for Wind Turbines

Failure of wind turbine bearings can cause a sequence of changes in physical char-
acteristic quantities, while a single physical characteristic quantity could also be
caused by several failures. Therefore, the failure of bearings in different parts and
the variability of different units should be combined. In addition, the data of mul-
ti-characteristic quantities are integrated and analyzed to seek the features of the
failure data of the bearings in each part and its variation patterns.

At present, wind power bearing fault diagnosis is still focused on theoretical aspects,
while in the practical domain there will be noise, temperature, and other factors that
can affect the judgment outcome. Therefore, various factors should be considered to
accurately identify the location and type of faults.

In the area of fault diagnosis, a point-to-point bearing dynamic data monitoring
system should be established. Fault data for wind power bearings generally comes
from SCADA systems. However, such systems have a low information sampling
frequency, and most diagnostics are off-line analysis of steady-state signals. There-
fore, it is necessary to build a dedicated dynamic bearing fault detection system
based on the real-time operation of wind turbines.

Achieving all-round information fusion for bearing fault diagnosis is a crucial future
research direction, as the current non-stationary signal analysis method still has
many urgent problems in practical application. Therefore, the advantages of various
disciplines such as mathematics, material science, mechanics, and artificial intelli-
gence should be effectively integrated into fault diagnosis to further promote fault
diagnosis research.

Current methods for bearing fault signal processing in wind turbines extract fea-
tures by analyzing the bearing vibration signal measured from a single sensor and
thus suffer from many problems. The use of multiple sensors to collect bearing op-
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eration data at various measurement points can obtain additional information and
increase the accuracy and robustness of fault diagnosis. Thus, multi-sensor-based
feature fusion techniques are the future trend in the field of fault diagnosis.

e  Spectral analysis methods refer to a process of decomposing signals by Fourier
transform and expanding them into frequency functions in frequency order and
then investigating and manipulating the signals in the frequency domain. Spectral
analysis techniques typically used for wind power bearing diagnostics include FFT
power spectroscopy, cepstrum spectroscopy, refined spectroscopy, etc. By per-
forming an analysis of the power spectrum and cepstrum of the signal, the specific
fault of the system can be located. Defect diagnostics for wind power bearings are
currently widely used using spectral analysis, but spectral map analysis is still not
accurate enough. Therefore, the next stage is to focus on the creation of intelligent
spectral analysis systems and the intelligent identification of spectral analysis using
neural networks.

e Wavelet analysis, a signal processing technique for time—frequency analysis, helps
resolve the conflict between the time and frequency resolution of classical Fourier
analysis in the detection of faults in wind turbine bearings. Its primary use is wave-
let decomposition, which successfully separates fault signals from bearing vibra-
tions by choosing appropriate wavelet and scale parameters. The problem sites of
the bearing vibrations are then identified by comparing the energy distribution in
each frequency band. Wavelet-analysis-based diagnosis of wind power bearings is a
useful technique for signal denoising and feature extraction. Bearing defect detec-
tion can be performed more effectively by combining wavelet analysis with addi-
tional techniques such as wavelet-neural networks, wavelet-support vector ma-
chines, and wavelet-fuzzy inference.

e  Artificial-intelligence-based fault diagnosis for wind power bearings first requires
training and self-learning of the problem and normal bearing operation data, and
then realizing fault diagnosis through deduction and decision-making processes. To
increase the accuracy of defect detection, artificial intelligence techniques make it
possible to accomplish more difficult diagnostic tasks without human interaction.
By creating a current network model, a huge data platform, and an intelligent cloud,
artificial intelligence should be applied as a model for bearing fault diagnosis in the
process of future development so that the operational status of wind turbine bear-
ings can be assessed in advance and fault identification can be achieved.

Author Contributions: Conceptualization, H.P. and Y.F.; methodology, L.S., Y.F.,, Y.Y., and H.Z,;
investigation, Y.F.,, H.Z, and H.P.; validation, H.P., Y.Y., and LS., resources, H.Z.; writ-
ing —original draft preparation, H.Z.; writing —review and editing, H.P. and Y.F.; supervision, L.S.;
project administration, Y.F. and Y.Y.; funding acquisition, H.P. All authors have read and agreed to
the published version of the manuscript.

Funding: This research was funded by the projects 22TRTSTANO018 “Henan University Science and
Technology Innovation Team Support Program” and 202010110 “Training Plan for Young Back-
bone Teachers of North China University of Water Resources and Electric Power in 2020”.

Data Availability Statement: Not applicable.

Acknowledgments: This work received funding from the North China University of Water Re-
sources and Electric Power for the Master’s Innovation Capacity Enhancement Project and was
supported by Henan University Science and Technology Innovation Team Support Pro-
gram—Advanced Manufacturing and Assurance for High Reliability Design of Construction Ma-
chinery (22TRTSTANO18) and the Training Plan for Young Backbone Teachers of North China
University of Water Resources and Electric Power in 2020.

Conflicts of Interest: The authors declare no conflict of interest.



Lubricants 2023, 11, 14 28 of 34

References

1. Bogdanov, D.; Gulagi, A.; Fasihi, M.; Breyer, C. Full energy sector transition towards 100% renewable energy supply: Inte-
grating power, heat, transport and industry sectors including desalination. Appl. Energy 2021, 283, 116273.

2. Wu, Y,;Hu, Y, Lin, X,; Li, L.; Ke, Y. Identifying and analyzing barriers to offshore wind power development in China using the
grey decision-making trial and evaluation laboratory approach. J. Clean. Prod. 2018, 189, 853-863.

3. IEA. Net Annual Wind Capacity Additions, 2018-2020; IEA: Paris, France. Available online: https://www.iea.org/ (accessed on
15 August 2022).

4. Xu, K; Chang, J.; Zhou, W.; Li, S.; Shi, Z.; Zhu, H.; Guo, K. A comprehensive estimate of life cycle greenhouse gas emissions
from onshore wind energy in China. J. Clean. Prod. 2022, 338, 130683.

5. Shrimali, G.; Konda, C.; Farooquee, A.A. Designing renewable energy auctions for India: Managing risks to maximize de-
ployment and cost-effectiveness. Renew. Energy 2016, 97, 656-670.

6. Igba,].; Alemzadeh, K.;; Henningsen, K.; Durugbo, C. Effect of preventive maintenance intervals on reliability and maintenance
costs of wind turbine gearboxes. Wind Energy 2015, 18, 2013-2024.

7. Ibrahim, H.; Ghandour, M.; Dimitrova, M.; Ilinca, A.; Perron, J. Integration of wind energy into electricity systems: Technical
challenges and actual solutions. Energy Procedia 2011, 6, 815-824.

8.  Extending bearing life in wind turbine mainshafts. Available online: https://www.power-eng.com/ (accessed on 14 August
2022).

9. Oyague, F. Gearbox Modeling and Load Simulation of a Baseline 750-kW Wind Turbine Using State-of-the-Art Simulation
Codes, National Renewable Energy Laboratory (NREL), Golden, CO, United States, 2009. https://doi.org/10.2172/947884.

10. Eriksson, S.; Bernhoff, H.; Leijon, M. Evaluation of different turbine concepts for wind power. Renew. Sustain. Energy Rev. 2008,
12,1419-1434.

11.  Chen, ]J.; Wang, F.; Stelson, K.A. A mathematical approach to minimizing the cost of energy for large utility wind turbines.
Appl. Energy 2018, 228, 1413-1422.

12. Kails, K; Li, Q.; Mueller, M. A modular and cost-effective high-temperature superconducting generator for large direct-drive
wind turbines. IET Renew. Power Gen. 2021, 15, 2022-2032.

13. Jian, L.; Chau, T.; Jiang, ].Z. A magnetic-geared outer-rotor permanent-magnet brushless machine for wind power generation.
IEEE Trans. Ind. Appl. 2009, 45, 954-962.

14. Jiang, Z.; Huang, X,; Liu, H.; Zheng, Z.; Li, S.; Du, S. Dynamic reliability analysis of main shaft bearings in wind turbines. Int. |.
Mech. Sci. 2022, 235, 107721.

15. Stubkier, S.; Pedersen, H.C. Design, optimization and analysis of hydraulic soft yaw system for 5 mw wind turbine. Wind. Eng.
2011, 35, 529-549.

16. Quaranta, E.; Davies, P. Emerging and innovative materials for hydropower engineering applications: Turbines, bearings,
sealing, dams and waterways, and ocean power. Engineering 2022, 8, 148-158.

17. Hu, A,; Xiang, L.; Zhu, L. An engineering condition indicator for condition monitoring of wind turbine bearings. Wind Energy
2020, 23, 207-219.

18. Wang, J.; Liang, Y.; Zheng, Y.; Gao, RX,; Zhang, F. An integrated fault diagnosis and prognosis approach for predictive
maintenance of wind turbine bearing with limited samples. Renew. Energy 2020, 145, 642—650.

19. Amirat, Y.; Benbouzid, M.E.H.; Al-Ahmar, E.; Bensaker, B.; Turri, S. A brief status on condition monitoring and fault diagnosis
in wind energy conversion systems. Renew. Sustain. Energy Rev. 2009, 13, 2629-2636.

20. Zhang, J.; Zhang, M,; Li, Y.; Qin, J.; Wei, K,; Song, L. Analysis of wind characteristics and wind energy potential in complex
mountainous region in southwest China. J. Clean. Prod. 2020, 274, 123036.

21. Wang, Y.; Zhu, C,; Li, Y,; Tan, J. Maximizing the total power generation of faulty wind turbines via reduced power operation.
Energy Sustain. Dev. 2021, 65, 36—44.

22. Xie, Z; Jiao, J.; Yang, K.; He, T.; Chen, R.; Zhu, W. Experimental and numerical exploration on the nonlinear dynamic behav-
iors of a novel bearing lubricated by low viscosity lubricant. Mech. Syst. Signal Process. 2023, 182, 109349.

23. Wang, LR.W.L,; Snidle, RW.; Gu, L. Rolling contact silicon nitride bearing technology: A review of recent research. Wear 2000,
246, 159-173.

24. Su, L.C; Li, X.L; Wang, W.L.; Li, X.L.; Chen, G.J. Fault Investigation and Analysis of Wind Turbine Bearing in North China.
Bearing 2013, 59-62. https://doi.org/10.19533/;.issn1000-3762.2013.11.020.

25. Tao, G.Z.; Wang, ].G.; Wang, Y.F. Fracture Failure Analysis of Variable Blade Bearing for a Wind Turbine. Hot Work. Tec. 2015,
44, 240-245. https://doi.org/10.14158/j.cnki.1001-3814.2015.08.073.

26. Errichello, R. Another perspective: False brinelling and fretting corrosion. Tribol. Lubr. Technol. 2004, 60, 34-36.

27. Liu, B.J. Fault Analysis and Traceability of Fan Spindle Bearing. China Heavy Equip. 2018, 1, 18-21.
https://doi.org/10.14145/j.cnki.51-1702/th.2018.01.006.

28. Schwack, F.; Stammler, M.; Flory, H.; Poll, G. Free contact angles in pitch bearings and their impact on contact and stress con-
ditions. In Proceedings of the 2016 Wind Europe Conference, Hamburg, Germany, 27-29 September 2016; pp. 1-10.

29. Bhardwaj, U.; Teixeira, A.P.; Soares, C.G. Reliability prediction of an offshore wind turbine gearbox. Renew. Energy 2019, 141,

693-706.



Lubricants 2023, 11, 14 29 of 34

30.

31.

32.

33.

34.

35.

36.
37.

38.
39.

40.
41.

42.

43.

44.

45.
46.

47.
48.
49.
50.
51.
52.
53.
54.
55.
56.
57.
58.
59.
60.

61.
62.

63.

Grujicic, M.; Chenna, V.; Galgalikar, R.; Snipes, J.S.; Ramaswami, S.; Yavari, R. Wind-turbine gear-box roller-bearing prema-
ture-failure caused by grain-boundary hydrogen embrittlement: A multi-physics computational investigation. |. Mater. Eng.
Perform. 2014, 23, 3984—4001.

Bovet, C.; Zamponi, L. An approach for predicting the internal behaviour of ball bearings under high moment load. Mech.
Mach. Theory 2016, 101, 1-22.

Xue, J.; Li, K; Shi, Y. Study on Permeability Characteristics of Gas Bearing Coal under Cyclic Load. Sustainability 2022, 14,
11483.

Liu, Z.Q.; Sun, J.; Shen, W.D. Study of plowing and friction at the surfaces of plastic deformed metals. Tribol. Int. 2002, 35,
511-522.

Rosenkranz, A.; Costa, H.L.; Baykara, M.Z.; Martini, A. Synergetic effects of surface texturing and solid lubricants to tailor
friction and wear—A review. Tribol. Int. 2021, 155, 106792.

Wang, F.; Qian, D.; Hua, L.; Lu, X. The effect of prior cold rolling on the carbide dissolution, precipitation and dry wear be-
haviors of M50 bearing steel. Tribol. Int. 2019, 132, 253-264.

Ding, Y.; Rieger, N.F. Spalling formation mechanism for gears. Wear 2003, 254, 1307-1317.

Pei, J.; Han, X,; Tao, Y.; Feng, S. Mixed elastohydrodynamic lubrication analysis of line contact with Non-Gaussian surface
roughness. Tribol. Int. 2020, 151, 106449.

Ren, G.G. Hypo-elastohydrodynamic lubrication of journal bearings with deformable surface. Tribol Int. 2022, 175, 107787.
Gao, N.; Wang, C.T.; Wood, R.J.; Langdon, T.G. Tribological properties of ultrafine-grained materials processed by severe
plastic deformation. J. Mater. Sci. 2012, 47, 4779-4797.

Bearing Damage Analysis. Available online: https://www.timken.com/ (accessed on 17 August 2022).

Gong, Y.; Fei, J.L,; Tang, J.; Yang, Z.G.; Han, Y.M,; Li, X. Failure analysis on abnormal wear of roller bearings in gearbox for
wind turbine. Eng. Fail. Anal. 2017, 82, 26-38.

Dana’s Wind Turbine Servicing Expertise Reduces Downtime and Cuts Costs after Gearbox Catastrophic Failure in Service.
Available online: https://dana-sac.co.uk/(accessed on 20 August 2022).

Zhao, B.; Guo, X,; Yin, L.; Chang, B.; Li, P.; Wang, X. Surface quality in axial ultrasound plunging-type grinding of bearing
internal raceway. Int. ]. Adv. Manuf. Technol. 2020, 106, 4715-4730.

Liu, J.; Wu, H,; Shao, Y. A theoretical study on vibrations of a ball bearing caused by a dent on the races. Eng. Fail. Anal. 2018,
83, 220-229.

Kotzalas, M.N.; Eckels, M.R. Repair as an option to extend bearing life and performance. SAE Trans. 2007, 116, 276-284.

Wang, Z.; Zhang, Z.; Sun, Y.; Gao, K,; Liang, Y.; Li, X.; Ren, L. Wear behavior of bionic impregnated diamond bits. Tribol. Int.
2016, 94, 217-222.

Affonso, L.O.A. Machinery Failure Analysis Handbook: Sustain Your Operations and Maximize Uptime; Elsevier: Amsterdam, The
Netherlands, 2013.

Wei, J.; Niu, R.; Dong, Q.; Zhang, S. Fretting-slipping fatigue failure mode in planetary gear system. Int. J. Fatigue 2020, 136,
105632.

DIN ISO 15243; Rolling Bearings —Damages and Failures—Terms Characteristics and Causes. British Standards Institution
(BSI): Buckinghamshire, UK, 2004.

Jin, X.; Chen, Y.; Wang, L.; Han, H.; Chen, P. Failure prediction, monitoring and diagnosis methods for slewing bearings of
large-scale wind turbine: A review. Measurement 2021, 172, 108855.

Antunovi¢, R. Diagnostics and failure of plain bearings. IEEE. Trans. Eng. Res. Pract. 2018, 2, 9-18.

Doll, G.L. Surface Engineering in Wind Turbine Tribology. Surf. Coat. Technol. 2022, 442, 128545.

Li, H; Yin, Z; Wang, Y. A study on the wear behavior of tin-based journal bearing under different working conditions. Ind.
Lubr. Tribol. 2019, 72, 359-368.

Typical Problems in Work of Bearings and Their Causes. Available online: https://ebearing.com.ua/ (accessed on 22 August
2022).

Greco, A.; Sheng, S.; Keller, J.; Erdemir, A. Material wear and fatigue in wind turbine systems. Wear 2013, 302, 1583-1591.
Abrasive Wear —Bearing Defects. Available online: https://www.steeldata.info/ (accessed on 23 August 2022).

Begelinger, A.; De Gee, A.W.]. Abrasive wear of bearing materials —A comparison of test methods. Wear 1985, 101, 141-154.
Extend Wind Turbine Life with Pitch Bearing Upgrades. Available online: https://www.kaydonbearings.com/ (accessed on 25
August 2022).

Liu, Z. Wind Turbine Blade Bearing Fault Detection and Diagnosis Using Vibration and Acoustic Emission Signal Analysis.
Ph.D Thesis, University of Manchester, Manchester, UK, 2021.

Brinelling and Why Bearings Fail-How Bearings Fail Part 6 of 6. Available online: https://www.linearmotiontips.com/ (ac-
cessed on 26 August 2022).

Tazi, N.; Chatelet, E.; Bouzidi, Y. Wear analysis of wind turbine bearings. Int. |. Renew. Energy Res. 2017, 7, 2120-2129.

Li, Z,; Jiang, Y.; Guo, Q.; Hu, C.; Peng, Z. Multi-dimensional variational mode decomposition for bearing-crack detection in
wind turbines with large driving-speed variations. Renew. Energy 2018, 116, 55-73.

Manieri, F.; Stadler, K.; Morales-Espejel, G.E.; Kadiric, A. The origins of white etching cracks and their significance to rolling
bearing failures. Int. |. Fatigue 2019, 120, 107-133.



Lubricants 2023, 11, 14 30 of 34

64.

65.
66.

67.

68.
69.

70.

71.

72.

73.

74.

75.

76.

77.

78.
79.

80.

81.

82.

83.

84.

85.

86.

87.

88.

89.

90.

91.

92.

93.

94.
95.

96.

Stadler, K.; Vegter, R.H.; Vaes, D. White etching cracks-a consequence, not a root cause of bearing failure. Evolution 2018, 1,
21-29.

Common Bearing Failures. Available online: https://jadanalysis.co.uk/ (accessed on 27 August 2022).

Outer Ring of a Double-Row Cylindrical Roller Bearing. Available online: https://www.nskamericas.com/ (accessed on 27
August 2022).

Dagry, F.; Mehmanparast, A.; Miiller, P.; Pantke, K. Fracture mechanics assessment of large diameter wind turbine bearings. J.
Multiscale Model. 2019, 10, 1850010.

Olver, A.V. The mechanism of rolling contact fatigue: An update. Proc. Inst. Mech. Eng. Part ] |. Eng. Tribol. 2005, 219, 313-330.
Al-Tameemi, H.A; Long, H.; Dwyer-Joyce, R.S. Initiation of sub-surface micro-cracks and white etching areas from debonding
at non-metallic inclusions in wind turbine gearbox bearing. Wear 2018, 406, 22-32.

Boopathi, K.; Mishnaevsky, L., Jr.; Sumantraa, B.; Premkumar, S.A.; Thamodharan, K.; Balaraman, K. Failure mechanisms of
wind turbine blades in India: Climatic, regional, and seasonal variability. Wind Energy 2022, 25, 968-979.

Morsdorf, L.; Mayweg, D.; Li, Y.; Diederichs, A.; Raabe, D.; Herbig, M. Moving cracks form white etching areas during rolling
contact fatigue in bearings. Mater. Sci. Eng. A 2020, 771, 138659.

In Action: Shaft Repair Keeps Wind Turbine Spinning. Available online: https://blog.belzona.com/ (accessed on 25 August
2022).

How Black Oxide Coated Bearings Can Have an Impact on Cutting the Operating and Maintenance Costs of Wind Turbines.
Available online: https://evolution.skf.com/ (accessed on 25 August 2022).

Kang, J.; Sun, L.; Sun, H.; Wu, C. Risk assessment of floating offshore wind turbine based on correlation-FMEA. Ocean Eng.
2017, 129, 382-388.

Chen, X.; Xu, W,; Liu, Y.; Islam, M.R. Bearing corrosion failure diagnosis of doubly fed induction generator in wind turbines
based on stator current analysis. IEEE Trans. Ind. Electron. 2019, 67, 3419-3430.

Evans, M.H. White structure flaking (WSF) in wind turbine gearbox bearings: Effects of ‘butterflies” and white etching cracks
(WECs). Mater. Sci. Technol. 2012, 28, 3-22.

Howard, T.P. Development of a Novel Bearing Concept for Improved Wind Turbine Gearbox Reliability. Ph.D Thesis, Uni-
versity of Sheffield, Sheffield, UK, 2016.

Lin, Y.; Tu, L,; Liu, H,; Li, W. Fault analysis of wind turbines in China. Renew. Sustain. Energy Rev. 2016, 55, 482—-490.

Stammler, M.; Reuter, A.; Poll, G. Cycle counting of roller bearing oscillations—Case study of wind turbine individual pitching
system. Renew. Energy Focus 2018, 25, 40-47.

How Artificial Intelligence Will Improve O&M. Available online: https://www.windpowerengineering.com/ (accessed on 27
August 2022).

The Three Mistakes of Bearing Lubrication. Available online: https://www.maintworld.com/ (accessed on 27 August 2022).
Wei, H.Q,; Liu, X.; Sun, W. Study on lubrication status of wind turbine. In Proceedings of the 2014 National Wind Power Af-
termarket Symposium, Guangdong, China, 15 September 2014; pp. 22-35. Available online: https://kns.cnki.net/kcms/ (ac-
cessed on 27 August 2022).

Paladugu, M.; Lucas, D.R.; Hyde, R.S. Effect of lubricants on bearing damage in rolling-sliding conditions: Evolution of white
etching cracks. Wear 2018, 398, 165-177.

Fernandes, C.M.; Martins, R.C.; Seabra, ].H. Friction torque of thrust ball bearings lubricated with wind turbine gear oils. Tribol.
Int. 2013, 58, 47-54.

Salameh, J.P.; Cauet, S.; Etien, E.; Sakout, A.; Rambault, L. Gearbox condition monitoring in wind turbines: A review. Mech.
Syst. Signal Process. 2018, 111, 251-264.

Ramadan, M.A. Friction and wear of sand-contaminated lubricated sliding. Friction 2018, 6, 457-463.

McGuire, N. Lubrication challenges in the wind turbine industry. Tribol. Lubr. Technol. 2019, 75, 34—43.

Philip, M.; Li, W. Wind turbine lubrication. In Synthetics, Mineral Oils, and Bio-Based Lubricants, 3rd ed.; Philip, M., Ed.; CRC
Press Publishing: Boca Raton, FL, USA, 2020; Chapter 3, pp. 787-800.

Kang, J.H.; Hosseinkhani, B.; Rivera-Diaz-del-Castillo, P.E. Rolling contact fatigue in bearings: Multiscale overview. Mater. Sci.
Technol. 2012, 28, 44-49.

Morales-Espejel, G.E.; Gabelli, A. The progression of surface rolling contact fatigue damage of rolling bearings with artificial
dents. Tribol. Trans. 2015, 58, 418-431.

Sadeghi, F.; Jalalahmadi, B.; Slack, T.S.; Raje, N.; Arakere, N.K. A Review of Rolling Contact Fatigue. ASME ]. Tribol. 2009, 131,
041403.

Deng, S.; Hua, L.; Han, X.; Wei, W.; Huang, S. Analysis of surface crack growth under rolling contact fatigue in a linear contact.
Tribol. Trans. 2015, 58, 432-443.

Jiang, Z.; Xing, Y.; Guo, Y.; Moan, T.; Gao, Z. Long-term contact fatigue analysis of a planetary bearing in a land-based wind
turbine drivetrain. Wind Energy 2015, 18, 591-611.

Feng, Y.; Qiu, Y.; Crabtree, C.J.; Long, H.; Tavner, P.]. Monitoring wind turbine gearboxes. Wind Energy 2013, 16, 728-740.

Li, Y.; Jiang, W.; Zhang, G.; Shu, L. Wind turbine fault diagnosis based on transfer learning and convolutional autoencoder
with small-scale data. Renew. Energy 2021, 171, 103-115.

Li, H,; Teixeira, A.P.; Soares, C.G. A two-stage Failure Mode and Effect Analysis of offshore wind turbines. Renew. Energy 2020,
162, 1438-1461.



Lubricants 2023, 11, 14 31 of 34

97.

98.

99.

100.

101.

102.
103.

104.

105.

106.

107.

108.
109.

110.

111.

112.

113.
114.

115.

116.

117.

118.
119.

120.
121.

122.

123.

124.

125.

126.

127.

Bruce, T.; Rounding, E.; Long, H.; Dwyer-Joyce, R.S. Characterisation of white etching crack damage in wind turbine gearbox
bearings. Wear 2015, 338, 164-177.

Blass, T.; Dinkel, M.; Trojahn, W. Bearing performance as a function of structure and heat treatment. Mater. Sci. Technol. 2016,
32, 1079-1085.

Harnoy, A. Bearing design in machinery: Engineering tribology and lubrication. In Bearing Design in Machinery; CRC Press
Publishing: Boca Raton, FL, USA, 2002; Chapter 5, pp. 91-100.

Liu, Z.; Zhang, L. A review of failure modes, condition monitoring and fault diagnosis methods for large-scale wind turbine
bearings. Measurement 2020, 149, 107002.

Ren, G.; Zhang, P.; Ye, X,; Li, W.; Fan, X.; Zhu, M. Comparative study on corrosion resistance and lubrication function of lithium
complex grease and polyurea grease. Friction 2021, 9, 75-91.

Pan, C.Y; Tang, ].H.; Hu, B.T. Recent Patents on Ball Bearing. Recent Pat. Eng. 2021, 15, 25-42.

Arabian-Hoseynabadi, H.; Oraee, H.; Tavner, P.J. Failure modes and effects analysis (FMEA) for wind turbines. Int. J. Electr.
Power Energy Syst. 2010, 32, 817-824.

Ozturk, S.; Fthenakis, V.; Faulstich, S. Failure modes, effects and criticality analysis for wind turbines considering climatic
regions and comparing geared and direct drive wind turbines. Energies 2018, 11, 2317.

Nunes, A.R.; Morais, H.; Sardinha, A. Use of Learning Mechanisms to Improve the Condition Monitoring of Wind Turbine
Generators: A Review. Energies 2021, 14, 7129.

Kumar, R,; Ismail, M.; Zhao, W.; Noori, M.; Yadav, A.R.; Chen, S.; Vikash, S.; Wael, A.; Altabey, A.LH.; Silik, G.K,; et al.
Damage detection of wind turbine system based on signal processing approach: A critical review. Clean Technol. Environ. Policy
2021, 23, 561-580.

Fan, K.F.; Li, W.X,; Wang, Q.Q. Horizontal bearing capacity of composite bucket foundation in clay: A case study. Eng. Fail.
Anal. 2022, 140, 106572.

He, P.; Hong, R.; Wang, H.; Lu, C. Fatigue life analysis of slewing bearings in wind turbines. Int. . Fatigue 2018, 111, 233-242.
Li, Y.; Cheng, G,; Liu, C. Research on bearing fault diagnosis based on spectrum characteristics under strong noise interference.
Measurement 2021, 169, 108509.

Guo, Y.; Zhao, X,; Shangguan, W.B.; Li, W.; Lii, H.; Zhang, C. Fault characteristic frequency analysis of elliptically shaped
bearing. Measurement 2020, 155, 107544.

Yang, C.; Yang, J.; Zhu, Z.; Shen, G.; Zheng, Y. Distinguish coherence resonance and stochastic resonance in bearing fault
evaluation. Meas. Sci. Technol. 2020, 31, 045001.

Strombergsson, D.; Marklund, P.; Berglund, K.; Larsson, P.E. Bearing monitoring in the wind turbine drivetrain: A compara-
tive study of the FFT and wavelet transforms. Wind Energy 2020, 23, 1381-1393.

Sassi, S.; Badri, B.; Thomas, M. A numerical model to predict damaged bearing vibrations. J. Vib. Control 2007, 13, 1603-1628.
Busse, D.F.; Erdman, ].M.; Kerkman, R.J.; Schlegel, D.W.; Skibinski, G.L. The effects of PWM voltage source inverters on the
mechanical performance of rolling bearings. IEEE Trans. Ind. Appl. 1997, 33, 567-576.

Ahn, G.; Lee, H.; Park, J.; Hur, S. Development of indicator of data sufficiency for feature-based early time series classification
with applications of bearing fault diagnosis. Processes 2020, 8, 790.

Yang, Y.; Yu, D.; Cheng, J. A fault diagnosis approach for roller bearing based on IMF envelope spectrum and SVM. Measure-
ment 2007, 40, 943-950.

Liu, W.Y,; Tang, B.P.; Han, ].G.; Lu, X.N.; Hu, N.N.; He, Z.Z. The structure healthy condition monitoring and fault diagnosis
methods in wind turbines: A review. Renew. Sustain. Energy Rev. 2015, 44, 466—-472.

Wen, X.; Xu, Z. Wind turbine fault diagnosis based on ReliefF-PCA and DNN. Expert Syst. Appl. 2021, 178, 115016.

Gu, H.; Liu, W.Y,; Gao, Q.W.; Zhang, Y. A review on wind turbines gearbox fault diagnosis methods. J. Vibroeng. 2021, 23,
26-43.

Trendafilova, I. Singular spectrum analysis for the investigation of structural vibrations. Eng. Struct. 2021, 242, 112531.
Stankovic, L.; Thayaparan, T.; Dakovic, M. Signal decomposition by using the S-method with application to the analysis of HF
radar signals in sea-clutter. IEEE Trans. Signal Process. 2006, 54, 4332-4342.

Harmouche, J.; Delpha, C.; Diallo, D. Improved fault diagnosis of ball bearings based on the global spectrum of vibration sig-
nals. IEEE Trans. Energy Convers. 2014, 30, 376-383.

Awadallah, M.A.; Morcos, M.M. Application of Al tools in fault diagnosis of electrical machines and drives-an overview. I[EEE
Trans. Energy Convers. 2003, 18, 245-251.

Hameed, Z.; Hong, Y.S.; Cho, Y.M.; Ahn, S.H.; Song, C.K. Condition monitoring and fault detection of wind turbines and re-
lated algorithms: A review. Renew. Sustain. Energy Rev. 2009, 13, 1-39.

Smith, W.A_; Randall, R.B. Rolling element bearing diagnostics using the Case Western Reserve University data: A benchmark
study. Mech. Syst. Signal Process. 2015, 64, 100-131.

Bodla, M.K.; Malik, S.M.; Rasheed, M.T.; Numan, M.; Ali, M.Z.; Brima, ].B. Logistic regression and feature extraction based
fault diagnosis of main bearing of wind turbines. In Proceedings of the 2016 IEEE 11th Conference on Industrial Electronics
and Applications(ICIEA), Hefei, China, 5-7 June 2016; pp. 1628-1633.

Qi, Y.S; Liu, F; Li, Y.T; Gao, X, Liu, L.Q. Compound fault diagnosis of wind turbine rolling bearings based on
MK-MOMEDA and Teager energy operator. Acta Energy Sol. Sin. 2021, 42, 297-307.
https://doi.org/10.19912/j.0254-0096.tynxb.2019-0276.



Lubricants 2023, 11, 14 32 of 34

128.

129.

130.

131.

132.

133.

134.

135.

136.

137.

138.

139.

140.

141.

142.

143.

144.

145.

146.

147.

148.

149.

150.

151.

152.

153.
154.

155.

156.

157.

Ma, X.N.; Yang, S.P. Research on adaptive method for composite fault diagnosis of rolling bearings. J. Vib. Shock 2016, 35,
145-150. https://doi.org/10.13465/j.cnki.jvs.2016.10.023.

Yu, Y.Z. Experimental study on acoustic signal feature extraction and diagnosis of rolling bearings. J. Appl. Acoust. 2018, 37,
889-894. Available online: https://kns.cnki.net/ (accessed on 30 August 2022).

Tang, G.J.;, Wang, X.L. Research on rolling bearing fault diagnosis based on EEMD noise reduction and 1.5-dimensional ener-
gy spectrum. . Vib. Shock 2014, 33, 6-10. https://doi.org/10.13465/j.cnki.jvs.2014.01.011.

Ma, Z.G.; Deng, W.; Zhao, Y.; Yu, H.L.; Huang, F.W_; Ma, H.Y. Impact chain detection method for wind turbine variable pitch
bearing fault diagnosis. Mech. Sci. Technol. Aer Eng. 2020, 39, 1426-1431.

Fan, J.; Qi, RS.; Gao, X,; Liu, L.Q.; Li, Y.T. Fault diagnosis of wind turbine bearings based on morphological multifractal. J.
Vib. Mea Diagn. 2021, 41, 1081-1089. https://doi.org/10.16450/j.cnki.issn.1004-6801.2021.06.006.

Wang, B.; Wang, Z.L.; Xiong, X.Z. An improved MRVM method and its application in wind turbine bearing diagnosis. Acta
Energy Sol. Sin. 2021, 42, 215-221. https://doi.org/10.19912/j.0254-0096.tynxb.2018-0773.

McDonald, G.L.; Zhao, Q. Multipoint optimal minimum entropy deconvolution and convolution fix: Application to vibration
fault detection. Mech. Syst. Signal Process. 2017, 82, 461-477.

Rezamand, M.; Kordestani, M.; Carriveau, R.; Ting, D.S.; Saif, M. An integrated feature-based failure prognosis method for
wind turbine bearings. IEEE ASME Trans. Mechatron. 2020, 25, 1468-1478.

Sandoval, D.; Leturiondo, U.; Vidal, Y.; Pozo, F. Entropy indicators: An approach for low-speed bearing diagnosis. Sensors
2021, 21, 849.

Mollasalehi, E.; Wood, D.; Sun, Q. Indicative fault diagnosis of wind turbine generator bearings using tower sound and vibra-
tion. Energies 2017, 10, 1853.

Castellani, F.; Garibaldi, L.; Daga, A.P.; Astolfi, D.; Natili, F. Diagnosis of faulty wind turbine bearings using tower vibration
measurements. Energies 2020, 13, 1474.

Artigao, E.; Koukoura, S.; Honrubia-Escribano, A.; Carroll, J.; McDonald, A.; Gémez-Lazaro, E. Current signature and vibra-
tion analyses to diagnose an in-service wind turbine drive train. Energies 2018, 11, 960.

Nie, M.; Wang, L. Review of condition monitoring and fault diagnosis technologies for wind turbine gearbox. Procedia Cirp
2013, 11, 287-290.

Schuller, B.; Batliner, A.; Steidl, S.; Seppi, D. Recognising realistic emotions and affect in speech: State of the art and lessons
learnt from the first challenge. Speech Commun. 2011, 53, 1062-1087.

Purarjomandlangrudi, A.; Nourbakhsh, G.; Esmalifalak, M.; Tan, A. Fault detection in wind turbine: A systematic literature
review. Wind Eng. 2013, 37, 535-547.

Chen, J.; Li, Z; Pan, J.; Chen, G.; Zi, Y.; Yuan, ].; He, Z. Wavelet transform based on inner product in fault diagnosis of rotat-
ing machinery: A review. Mech. Syst. Signal Process. 2016, 70, 1-35.

Xu, B.B. Research on Wind Turbine Bearing Fault Diagnosis Based on Multi-Resolution Singular Value Decomposition. Mas-
ter’s Thesis, Xi’an University of Technology, Xi’an, China, 2021. https://doi.org/10.27398/d.cnki.gxalu.2021.0011198.

Wang, J.; Peng, Y.; Qiao, W. Current-aided order tracking of vibration signals for bearing fault diagnosis of direct-drive wind
turbines. IEEE Trans. Ind. Electron. 2016, 63, 6336—-6346.

Li, F.; Zheng, H.Q.; Tang, L.W. Application of acoustic measurement and empirical modal decomposition in bearing fault
diagnosis. Proc. CSEE 2006, 26, 124-128.

Inturi, V.; Sabareesh, G.R.; Supradeepan, K.; Penumakala, P.K. Integrated condition monitoring scheme for bearing fault di-
agnosis of a wind turbine gearbox. J. Vib. Control 2019, 25, 1852-1865.

Lu, Q.Q.; Li, M;; Yang, ].H.; Xu, JJW.; Hu, ]. Fault diagnosis of converter trunnion bearings based on acoustic emission detec-
tion technology. Bearing 2013, 1, 46-50. https://doi.org/10.19533/.issn1000-3762.2013.01.015.

Singla, V.; Sharma, R.C.; Singh, J. Fault diagnosis of bearing for wear at inner race using acoustic signal. Int. . Mech. Eng. Res.
Dev. 2011, 1, 40-46.

Yan, R.; Gao, R.X.; Chen, X. Wavelets for fault diagnosis of rotary machines: A review with applications. Signal Process. 2014,
96, 1-15.

Ngui, W.K,; Leong, M.S.; Hee, L.M.; Abdelrhman, A.M. Wavelet analysis: Mother wavelet selection methods. Appl. Mech. Ma-
ter. 2013, 393, 953-958.

Malik, H.; Mishra, S. Artificial neural network and empirical mode decomposition based imbalance fault diagnosis of wind
turbine using TurbSim, FAST and Simulink. IET Renew. Power Gen. 2017, 11, 889-902.

Helbing, G.; Ritter, M. Deep Learning for fault detection in wind turbines. Renew. Sustain. Energy Rev. 2018, 98, 189-198.
Marugan, A.P.; Marquez, F.P.G.; Perez, ] M.P.; Ruiz-Hernandez, D. A survey of artificial neural network in wind energy sys-
tems. Appl. Energy 2018, 228, 1822-1836.

Cho, S.; Choi, M.; Gao, Z.; Moan, T. Fault detection and diagnosis of a blade pitch system in a floating wind turbine based on
Kalman filters and artificial neural networks. Renew. Energy 2021, 169, 1-13.

Wang, T,; Qi, J.; Xu, H; Wang, Y.; Liu, L.; Gao, D. Fault diagnosis method based on FFT-RPCA-SVM for cascaded-multilevel
inverter. ISA Trans. 2016, 60, 156-163.

Turnbull, A.; Carroll, J.; Koukoura, S.; McDonald, A. Prediction of wind turbine generator bearing failure through analysis of
high-frequency vibration data and the application of support vector machine algorithms. J. Eng. 2019, 2019, 4965-4969.



Lubricants 2023, 11, 14 33 of 34

158.

159.

160.

161.

162.

163.

164.

165.

166.

167.

168.

169.

170.

171.

172.

173.
174.

175.

176.

177.

178.

179.

180.

181.

182.

183.

184.

185.

186.

Altaf, M.; Uzair, M.; Naeem, M.; Ahmad, A.; Badshah, S.; Shah, J.A.; Anjum, A. Automatic and efficient fault detection in ro-
tating machinery using sound signals. Acoust. Aust. 2019, 47, 125-139.

Tang, T.B.; Zhou, Z.].; Zhang, T.; Li, K,; Lu, L.X. A bearing fault diagnosis method based on singular spectrum decomposition
and two-layer support vector machine. Vib. Noise Control 2022, 42, 100-105. Available online: https://kns.cnki.net/ (accessed on
10 September 2022).

Wang, Y.; Kang, S.; Jiang, Y.; Yang, G.; Song, L.; Mikulovich, V.I. Classification of fault location and the degree of performance
degradation of a rolling bearing based on an improved hyper-sphere-structured multi-class support vector machine. Mech.
Syst. Signal Process. 2012, 29, 404-414.

An, M.S.; Kang, D.S. Implementation of fault diagnosis of wind turbine based on signal analysis with NN algorithm. In Pro-
ceedings of the 2015 8th International Conference on Disaster Recovery and Business Continuity (DRBC), Jeju, Republic of
Korea, 25-28 November 2015; pp. 8-10.

Lin, T; Liu, G.; Cai, R.Q.; Yang, X.; Zhang, L.; Liao, W.C. Research on early warning of wind turbine gearbox failure based on
bearing temperature. Renew. Energy Resour. 2018, 36, 1877-1882. https://doi.org/10.13941/j.cnki.21-1469/tk.2018.12.023.

Chang, X.B.; Duan, B.; Design of intelligent diagnosis system for abnormal main bearing temperature of wind turbine. J.
Xiangtan Univ. 2020, 42, 25-34. https://doi.org/10.13715/j.cnki.nsjxu.2020.05.004.

Yuan, J.H; Han, T,; Tang, J.; An, L.Z. An intelligent fault diagnosis method for rolling bearings based on wavelet
time-frequency diagram and CNN. Mech. Des. Res. 2017, 33, 93-97. https://doi.org/10.13952/j.cnki.jofmdr.2017.0115.

Kim, J.Y.; Kim, ].M. Bearing fault diagnosis using grad-CAM and acoustic emission signals. Appl. Sci. 2020, 10, 2050.

Yang, Y.; Fu, P.; He, Y. Bearing fault automatic classification based on deep learning. IEEE Access 2018, 6, 71540-71554.
Teimourzadeh Baboli, P.; Babazadeh, D.; Raeiszadeh, A.; Horodyvskyy, S.; Koprek, I. Optimal temperature-based condition
monitoring system for wind turbines. Infrastructures 2021, 6, 50.

Deng, M.Q.; Deng, A.D.; Zhu, J.; Shi, Y.W.; Ma, T.T. Intelligent fault diagnosis of wind power rolling bearings based on BFD
and MSCNN. J. S. Univ. 2021, 51, 521-528. Available online: https://www.cnki.net (accessed on 3 September 2022).

Janssens, O.; Slavkovikj, V.; Vervisch, B.; Stockman, K.; Loccufier, M.; Verstockt, S.; Van de Wale, R.; Van Hoecke, S. Convolu-
tional neural network based fault detection for rotating machinery. J. Sound Vib. 2016, 377, 331-345.

Shao, H.; Jiang, H.; Zhang, X.; Niu, M. Rolling bearing fault diagnosis using an optimization deep belief network. Meas. Sci.
Technol. 2015, 26, 115002.

Deutsch, J.; He, D. Using deep learning-based approach to predict remaining useful life of rotating components. IEEE Trans.
Syst. Man Cybern. Syst. 2017, 48, 11-20.

Zhang, W.; Peng, G.; Li, C; Chen, Y.; Zhang, Z. A new deep learning model for fault diagnosis with good anti-noise and do-
main adaptation ability on raw vibration signals. Sensors 2017, 17, 425.

Ji, X.F; Deng, Y.F.; Du, S.C.; Lv, ]. Bearing fault analysis based on deep migration learning. Mech. Des. Res. 2021, 37, 106-110.
Liu, Y.Z.; Zou, Y.S.; Wu, Y.; Zhang, H.Y.; Ding, G.F. A novel abnormal detection method for bearing temperature based on
spatiotemporal fusion. Proc. Inst. Mech. Eng. Part F ]. Rail Rapid Transit. 2022, 236, 317-333.

Guo, P; Fu, J.; Yang, X. Condition monitoring and fault diagnosis of wind turbines gearbox bearing temperature based on
kolmogorov-smirnov test and convolutional neural network model. Energies 2018, 11, 2248.

Chen, R,; Tang, L.; Hu, X.; Wu, H. Fault diagnosis method of low-speed rolling bearing based on acoustic emission signal and
subspace embedded feature distribution alignment. IEEE Trans. Ind. Inform. 2020, 17, 5402-5410.

Liu, H.Y.; Liu, H.X,; Zhu, X.X. Research on main bearing fault diagnosis of wind turbine based on capsule network. Process
Auto Instrum. 2022, 43, 15-19. https://doi.org/10.16086/j.cnki.issn1000-0380.2021080040.

Guo, P; Infield, D.; Yang, X. Wind turbine generator condition-monitoring using temperature trend analysis. IEEE Trans. Sus-
tain. Energy 2011, 3, 124-133.

Zhao, H.S.; Liu, H.H. Main bearing fault detection of wind turbine based on deep learning network. J. Sol. Energy 2018, 39,
588-595.

Wei, L.; Hu, X,; Yin, S. Wind turbine generator front bearing fault warning based on optimized XGBoost. J. Syst. Simul. 2021,
33, 2335-2343. https://doi.org/10.16182/j.issn1004731x.joss.20-0538.

Yin, S.;; Hou, G.L,; Hu, X.D.; Zhou, ].W.; Gong, L.]. Early warning and identification of front bearing failure in wind turbine
generators. Chin. |. Sci. Instrum. 2020, 41, 242-251.

Encalada-Déavila, A.; Puruncajas, B.; Tutivén, C.; Vidal, Y. Wind turbine main bearing fault prognosis based solely on scada
data. Sensors 2021, 21, 2228.

Encalada-Davila, A.; Moyén, L.; Tutivén, C.; Puruncajas, B.; Vidal, Y. Early fault detection in the main bearing of wind tur-
bines based on Gated Recurrent Unit (GRU) neural networks and SCADA data. I[EEE ASME Trans. Mechatron. 2022, 27,
5583-5593.

Dao, P.B. Condition monitoring and fault diagnosis of wind turbines based on structural break detection in SCADA data. Re-
new. Energy 2022, 185, 641-654.

Liu, Y; Wu, Z; Wang, X. Research on fault diagnosis of wind turbine based on SCADA data. IEEE Access 2020, 8,
185557-185569.

Natili, F.; Daga, A.P.; Castellani, F.; Garibaldi, L. Multi-Scale Wind Turbine Bearings Supervision Techniques Using Industrial
SCADA and Vibration Data. Appl. Sci. 2021, 11, 6785.



Lubricants 2023, 11, 14 34 of 34

187. McKinnon, C.; Carroll, J.; McDonald, A.; Koukoura, S.; Infield, D.; Soraghan, C. Comparison of new anomaly detection tech-

188.

189.

190.

191.
192.

193.

nique for wind turbine condition monitoring using gearbox SCADA data. Energies 2020, 13, 5152.

Schlechtingen, M.; Santos, LF. Comparative analysis of neural network and regression based condition monitoring approach-
es for wind turbine fault detection. Mech. Syst. Signal Process. 2011, 25, 1849-1875.

Chatterjee, J.; Dethlefs, N. Scientometric review of artificial intelligence for operations & maintenance of wind turbines: The
past, present and future. Renew. Sustain. Energy Rev. 2021, 144, 111051.

Garcia Marquez, F.P.; Peinado Gonzalo, A. A comprehensive review of artificial intelligence and wind energy. Arch. Comput.
Methods Eng. 2021, 29, 2935-2958.

Liu, P.; Barlow, C.Y. Wind turbine blade waste in 2050. Waste Manag. 2017, 62, 229-240.

Yang, B.; Cai, A.; Lin, W. Analysis of early fault vibration detection and analysis of offshore wind power transmission based
on deep neural network. Connect. Sci. 2022, 34, 1005-1017.

Wang, A.; Qian, Z,; Pei, Y.; Jing, B. A de-ambiguous condition monitoring scheme for wind turbines using least squares gen-
erative adversarial networks. Renew. Energy 2022, 185, 267-279.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury
to people or property resulting from any ideas, methods, instructions or products referred to in the content.



