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Gear wear is an inevitable phenomenon during gear service life. Its propagation would impair the
durability of gear tooth and reduce the remaining useful life of gear transmission system.
Therefore, monitoring and predicting gear wear progression can bring significant benefits to
industrial practice. Vibration analysis responds immediately to changes in the machine state
(health and operating condition) and can therefore be used for gear monitoring. However,
vibration-based techniques for gear wear monitoring are rather rare, even though techniques have
been well established for detection and diagnosis of common gear faults such as gear tooth root
cracks and tooth breakage. Therefore, in this research, a vibration-based integrated system is
developed for gear wear monitoring and prediction. The developments were carried out in two
stages: (1) wear mechanism identification using measured vibrations, and (i1) wear propagation
monitoring and prediction using the integration of models, measurements and model updating
approaches.

In the first stage, the correlation between surface features and vibration characteristics is
investigated. Then, use of cyclostationary properties of vibrations, a vibration-based online gear
wear mechanism identification methodology is developed. Moreover, the evolution of fatigue
pitting and abrasive wear (micro-level) are tracked using an indicator of second-order
cyclostationarity of vibrations in specific spectral bands.

In the second stage, a digital-twin system is developed by the integration of (i) a dynamic model
to simulate the dynamic responses of gear system; (ii) two tribological (wear) models for
estimation of wear depth and pitting density, and (ii1)) model updating through comparing
simulation and measured vibrations. The integration of dynamic model and tribological models
allow a knowledge-based wear prediction of the gear profile change (determined by the wear
depth) and pitting density. With the regularly model updating using measured vibrations, the wear
process can be well monitored, and the best possible prediction of remaining useful life can be
achieved.

The above developments provide effective and efficient tools for monitoring and prediction of
gear wear, in particular, the profile change and pitting density, which is critical for making
appropriate maintenance decisions to maximise the useful life of gears and to avoid catastrophic
failures and unexpected economic losses.
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Abstract

Gear wear is an inevitable phenomenon during gear service life. Its propagation impairs
the durability of gear teeth and reduces the remaining useful life of gear transmission
systems. Therefore, monitoring and predicting gear wear progression can bring
significant benefits to industrial practice. Machine vibration responses reflect
immediately the changes in the machine state (health and operating condition) and
therefore provide a promising tool for gear condition monitoring. However, there is a
coupling effect between gear wear and system dynamics, which results in the generation
of vibrations with high complexity and brings significant challenges to the development
of specific vibration techniques for extracting wear-related vibration features (indicators).
Thus, vibration-based techniques for gear wear monitoring are rather rare, although
techniques have been well established for the detection and diagnosis of common gear
faults such as gear tooth root cracks and tooth breakage. Therefore, in this research, a
vibration-based integrated system is developed for gear wear monitoring and prediction.
The developments are carried out in two stages: (1) wear mechanism identification using
measured vibrations, and (ii) wear propagation monitoring and prediction using the

integration of models, measurements and model updating approaches.
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Different gear wear mechanisms have different impacts on the gear tooth surface and
result in different vibration characteristics, therefore, identifying gear wear mechanisms
is a necessary procedure for developing proper gear wear monitoring techniques. Thus,
in the first stage of this research, a vibration-based gear wear mechanism identification
methodology is presented. More specifically, with consideration of the underlying
physics of the gear meshing process and the unique surface features induced by fatigue
pitting and abrasive wear, the correlation between surface features and vibration
characteristics is investigated. The connection between the spatial frequency of the gear
surface and the spectral frequency of the measured vibrations is established. With this
established connection as the basis, a vibration-based online gear wear mechanism
identification methodology is developed using cyclostationary properties of vibrations.
Moreover, the evolution of fatigue pitting and abrasive wear (micro-level) are tracked
using an indicator of second-order cyclostationarity of vibrations in specific spectral
bands. Differently from previous works, the carrier frequencies (spectral content) of the
gearmesh-cyclic second-order cyclostationary components are analysed and used to

distinguish and track the two wear phenomena in this research.

With the identified specific gear wear mechanisms/events in the first stage, in the second
stage of this research, a digital-twin system is developed by the integration of (i) a
dynamic model to simulate the dynamic responses of the gear system; (ii) two tribological
(wear) models for estimation of wear depth and pitting density, and (iii) model updating
through comparing simulated and measured vibrations. More specifically, a 21-degree-
of-freedom dynamic model is developed to simulate a spur gearbox setup and produce
simulated vibrations and contact forces between the meshing gear teeth. Using the contact
pressure (calculated from the force) as an input, the wear depth and pitting density are

then predicted by the tribological models and used to modify the gear geometry profile
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and contact area in the dynamic model. The integration of the dynamic model and
tribological models allows a knowledge-based wear prediction of the gear profile change
(determined by the wear depth) and pitting density. To guarantee accurate prediction
results from the models, novel approaches are developed to update the wear coefficients
in the tribological models by comparing simulated and measured vibrations. With regular
model updating, the wear process can be well monitored, and the best possible wear
prediction can be achieved, facilitating vastly improved estimates of the system’s

remaining useful life.

The effectiveness of the developed methods in gear wear monitoring and prediction is
validated using vibration data collected in two tests: a lubricated test dominated by fatigue

pitting and a dry test dominated by abrasive wear.

In summary, this thesis has made the following main contributions to the research field:

A vibration-based method is proposed for identifying two common gear wear

mechanisms (abrasion and surface fatigue). This development is based on the

cyclostationary analysis technique, and it is applied for the first time to analyse wear-
related low energy phenomena (friction, asperity contacts) in vibration signals.

e Another important contribution of this research is the development of vibration
features coupled with wear information for identification of the dominant wear modes
(abrasive wear and contact fatigue) and tracking of their evolution.

e A novel vibration-based scheme for updating and prediction of abrasive wear of gears
is developed in this research.

e A new approach is proposed to calculate the wear depth distribution of gears. And

gear wear under different lubrication conditions is accurately predicted.
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e Novel gear surface degradation prediction models and schemes are proposed in this
research. Through regular and intelligent use of measured vibration signals, the
models can be updated as necessary, ensuring accurate predictions of gear wear (both

abrasion and fatigue pitting) propagation can be delivered.

The above developments provide effective and efficient tools for the monitoring and
prediction of gear wear, in particular, the profile change and pitting density, which is
critical for making appropriate maintenance decisions to maximize the useful life of gears

and to avoid catastrophic failures and unexpected economic losses.
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Chapter 1 Introduction

1.1 Background

Gearboxes are critical elements in many rotating machines and are characterised by high
transmission efficiency, reliable operation and an exact constant transmission ratio.
Thanks to the above-mentioned merits, gearboxes are widely used in different
transmission systems in many industries. Due to material degradation during operation
and especially in a harsh working environment, gearboxes are subject to wear - a
progressive material loss when two gear tooth surfaces contact with relative motions [1-
3]. Wear can lead to the formation of stress concentrations, which may serve as initiation
sites for other modes of gear failure such as spalling, gear root crack, and gear tooth
breakage [4-6]. Thus, monitoring the gear wear process and scheduling required
maintenance in advance accordingly, can avoid the occurrence of catastrophic failures

and improve the availability of the gear system [7].

Abrasive wear and fatigue pitting are the two most common wear mechanisms during

gear service life [8]. Abrasive wear, caused by a lack of or contaminated lubrication [9],



is often associated with a high material removal rate of the gear surface, resulting in gear
tooth profile change. Tooth profile changes can reduce the thickness of the gear tooth,
which increases the risk of tooth breakage significantly. In comparison, fatigue pitting,
due to repetitive rolling-sliding contact, has a slower rate in tooth profile change and can
be identified by observing pits on the gear surface [4]. Fatigue pitting could promote the
generation of surface spalls across the entire tooth width, resulting in a reduction in gear
tooth surface durability and/or even tooth breakage. Thus, identifying abrasive wear and
fatigue pitting and monitoring the surface degradation process (e.g., gear tooth profile
change and surface pitting propagation) are very important topics in the area of wear
analysis. Also, monitoring and predicting the wear propagation process can ensure timely
maintenance being scheduled to avoid catastrophic failure, which benefits the Prognostics
and Health Management (PHM) significantly. Therefore, a crucial component in machine

condition monitoring, which is briefly overviewed below.

Machine condition monitoring includes detection, diagnosis, and prognosis of an
abnormal condition of a machine. Prognostics is the least developed yet potentially most
lucrative of the three phases. There are several main techniques of machine condition
monitoring [10]: performance analysis, vibration analysis, lubricant/wear debris analysis,
thermography, and acoustic emission analysis. Among these techniques, wear debris (part
of lubricant analysis) and vibration analysis are the two most commonly used techniques
for gear condition monitoring. In practice, wear particle analysis is a widely used
methodology for gear wear monitoring. In particular, wear particle concentration, size,
and size distribution are good indicators of the overall wear condition of a machine. Also,
particle size, shape, and surface morphologies are useful features in revealing wear
mechanisms. Nevertheless, wear particle analysis is often carried out offline, which can

be time-consuming and costly [10, 11]. In contrast, gear vibration signals are the
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reflection of gear dynamic features at the moment they are measured and can be easily
obtained online. It is now well established that vibration signals contain gear tooth profile
information in their deterministic components (gearmesh harmonics and sidebands) [12,
13], and some recent preliminary studies have suggested a link between gear surface
morphology and random vibration components [14, 15]. Vibration analysis is thus the
more promising tool for efficient real-time gear wear monitoring. To date, vibration
analysis techniques are widely used for gear fault detection, diagnosis and prognostics,
but with very limited attempts to monitor wear because wear-related vibration signals are
of high complexity and thus not easy to be extracted. To utilize wear-related information
contained in vibrations and to develop vibration-based techniques for multiple purposes
including online gear wear monitoring and prediction, much more research is needed to

establish techniques that are suitable for practical applications.

1.2  Research goals

The ultimate goal of this research is to develop vibration-based techniques for wear
monitoring and prediction of remaining useful life (RUL) of gear systems,
complementing existing capabilities in fault detection and diagnosis. The specific

objectives of this research project include:

1. To study the wear induced vibration characteristics and identify wear-related
vibration features for identification of abrasive wear and fatigue pitting, the two
common gear wear mechanisms/events.

2. To develop an online method for monitoring gear wear processes using the

vibration indicators/characteristics.



3. To develop an integrated system for monitoring and predicting gear wear
propagation by utilizing the power of computer simulation and empirical wear
models together with the specific and unique responses in the vibrations of

operating machines.

1.3  Structure of this thesis

This thesis commences with a literature review of relevant topics (Chapter 2), followed
by designing the methodology for achieving the above objectives in Chapter 3. The
developments of vibration-based techniques for wear mechanism identification and
evaluation tracking (objectives 1 and 2) are presented in Chapter 4. Objective 3 is
achieved in 3 steps: step 1 - the establishment of a lumped parameter dynamic model of
the gearbox transmission system, step 2 - the methodology development in monitoring
and prediction of wear induced tooth profile change, and step 3 - the methodology
development in monitoring and prediction of tooth profile change and surface pitting
propagation simultaneously. The developments of the gear wear monitoring and
prediction system in these three steps are reported in Chapter 5, Chapter 6 and Chapter 7,
respectively. The thesis ends in making the conclusions and recommendations in Chapter

8.

This thesis consists of 8 chapters. Summaries of the chapters are given below:

Chapter 1: Introduction

Chapter 2:  This chapter reviews the progress of vibration-based gear wear monitoring,
including gear wear modes, relationships between gear wear and dynamic
responses of gear system, and vibration-based techniques (vibration

features and models) for gear wear monitoring.
4



Chapter 3:

Chapter 4:

Chapter 5:

Chapter 6:

Chapter 7:

This chapter describes the methodology used in this research project,
including the research facilities, data acquisition system, and how the

research objectives were achieved.

This chapter introduces wear mechanisms and methods to identify and
track the evolution of wear using the characteristic of cyclostationarity of
vibrations. The impacts of different wear mechanisms (abrasive wear and
fatigue pitting) on gear systems are also presented, that is, profile change

and surface pitting of gear teeth.

This chapter describes the development of a lumped parameter dynamic
model of the gearbox test rig at the University of New South Wales
(UNSW). The technical details and results of dynamic model validation

and calibration are presented.

This chapter introduces the developed methodology for gear tooth profile
change monitoring and prediction. A run-to-failure test was conducted
using the gearbox test rig at UNSW, where the gear teeth were not

lubricated (dry test), resulting in wear of the gear teeth caused by abrasion.

This chapter introduces the surface pitting and gear tooth profile change
simultaneous monitoring and prediction. This chapter is a further
improvement of Chapter 6, including another wear event: surface pitting.
A test was conducted using the UNSW gearbox test rig, where the gear
teeth were lubricated (lubricated test), resulting in both tooth surface

pitting and mild tooth profile change during this run-to-failure test.



Chapter 8:  This chapter summarises the key findings and articulates the new
contribution to knowledge in this research field. Recommendations for

future work are given.



Chapter 2 Literature review

This chapter reviews the existing studies, developments and challenges of gear wear
monitoring using vibration analysis, including wear modes, the relationship between gear
wear and the dynamic response of a gear system, vibration features/models for gear wear

monitoring and prediction.

2.1 Gear wear

2.1.1 Gear wear modes

Surface wear is a common but inevitable phenomenon during the whole service life of a
gearbox [16]. When gear pairs mesh with each other, the tooth flanks will be loaded to
maintain contact. The motion of the gear tooth surfaces is a combination of rolling motion
and sliding motion. The sliding component is present where the surface velocities of the
two contacting teeth are different [17]. The sliding motion can cause material removal
from the gear teeth, which results in gear mass reduction, that is, gear wear. Gear wear

can be sorted based on the wear mechanisms as follows:



Abrasive wear: Particle contamination or lack of lubrication, which could lead to
sliding contact resulting in abrasive wear. Abrasive wear leaves radial scratches
on the gear surface and causes changes to the geometry of the gear teeth [18], as

shown in Figure 2.1.

Tl

AL

TR

Figure 2.1 Extremely worn gear due to abrasive particles in lubricant [19]

Fatigue: Surface fatigue results in the removal of material and it will leave cavities
on the flank of the gear tooth. Normally, surface fatigue includes pitting and case
crushing [18]. Case crushing often occurs in heavily loaded case-hardened gears.
Compared with case crushing, fatigue pitting is more common during gear service
life. Fatigue pitting is caused by cyclic loading conditions, resulting in fatigue
cracks either at the surface of the gear tooth or shallow depth below the surface.
The initial crack usually propagates for a short distance in a direction roughly
parallel to the tooth surface before turning or branching to the surface. When the
cracks have grown long enough to separate a piece of the surface material, fatigue
pitting is formed [19], as shown in Figure 2.2.

Scuffing: When there is substantial sliding motion between mating teeth under
lubrication conditions, the excessive temperature at the sliding asperity contacts
can result in all protective lubricating films breaking down. As a consequence, the
softer asperities can deform plastically and transfer to the mating surface. This is

8



usually accompanied by a rapid increase in wear rate or even seizing of the sliding

pair [20]. This phenomenon is known as scuffing, as shown in Figure 2.3.

Fatigue pitting

Scuffing failure

Figure 2.3 Typical scuffing failure in gears [20]. Note: only one instance of scuffing is indicated in this
figure for demonstration purposes

e Corrosive wear: Corrosive wear is a visible wear type as a surface deterioration,
as shown in Figure 2.4. It is mainly caused by chemical reactions with active
ingredients in the lubricant [18]. Corrosive mild wear in gears is usually
introduced by lubricant additives intended for preventing scuffing failure, such as

extreme pressure additives [20].



Corrosion damage

e v,
Figure 2.4 Corrosion damage [18]. Note: only one instance of corrosion damage is indicated in this figure
for demonstration purposes

In practical applications, abrasive wear and fatigue pitting are the most common wear
phenomena in gear systems [8], and therefore, in this research, the two are chosen as the

objective of the study.

2.1.2 Differences between abrasive wear and fatigue pitting

Based on the comparison of abrasive wear and fatigue pitting shown in Figure 2.1 and
Figure 2.2, there are two major differences between these two surface degradation
mechanisms. First, abrasive wear often has a high wear rate and can result in noticeable
accumulated material removal in the gear tooth thickness, i.e., changing the gear tooth
profile over a certain period. Normally, tooth profile change is in millimetres and can be
named to be macro-level wear, which is illustrated in Figure 2.5. In Figure 2.5, it can be
seen that the maximum tooth profile change caused by abrasive wear occurs at the
addendum and dedendum of the gear tooth, while the profile change is minimal at the
pitch line. Consequently, the worn tooth has a double-scalloped tooth profile. The reason
is that the sliding velocity, which is proportional to the wear depth in the Archard wear
model, is theoretically zero (and zero wear depth) at the pitch line and reaches the
maximum sliding speed (and wear depth) at the addendum and dedendum. This

phenomenon has also been observed in gear wear simulation [21] and gear wear tests [19].
10



In contrast, fatigue pitting has a low wear rate in the tooth thickness direction, which
makes it has negligible effects on gear tooth profile geometry, unless it is extremely
severe. Therefore, these two wear mechanisms can often be differentiated in macro-scale

for abrasive wear vs micro-scale for fatigue pitting.

{4
/7e Typical
“‘Wear

Profile

Ideal
Involute
Prafile

Figure 2.5 Deviations from ideal tooth profile due to abrasive wear [22]

Second, in view of gear surface morphology, it can be found that compared with fatigue
pitting, abrasive wear tends to produce a surface with a relatively short wavelength in the
direction of sliding direction, which results in a high spatial frequency [23]. As for fatigue
pitting, the detachment of material fragments from the gear tooth surface results in
localized valleys with long-wavelength which corresponds to the relatively low spatial

frequency.

The differences in the features/characteristics of abrasive wear and fatigue pitting are

summarized in Table 2.1.

Table 2.1 Differences between abrasive wear and fatigue pitting

Morphology (spatial

Wear types Wear rate Final form

frequency)
Abrasive wear High High Tooth profile change (together with a
rough gear surface)
Fatigue pitting Low Low Valleys on the certain region of gear

tooth (between gear root and pitch line)

11



2.2 Gear wear effects on vibrations of gear systems

There is a two-way relationship between the wear process and gear dynamic
characteristics. In general, gear wear can result in the alteration of gear tooth profile
geometry or reduction of contact area, which will change the geometric transmission error
(GTE) and meshing stiffness of gear system, then the dynamic characteristics will be
affected, including the dynamic contact force and its distribution. As a consequence, the
level of vibration and harmful noise will increase [24]. In turn, the change of dynamic
contact force could alter and accelerate the gear wear process. The two-way relationship
between gear wear and gear dynamics will produce complex gear dynamic responses and
vibration features, which brings huge challenges in condition monitoring on gear wear
progression compared with other failures, such as gear tooth root crack, tooth surface

spalling, and tooth breakage.

With consideration of the contact patterns, abrasive wear and fatigue pitting have different
impacts on the vibrations of the gear system in two different scales, existing studies and
understanding of gear wear effects on vibrations are presented in the macro-level and

micro-level below.

Macro-level wear (gear tooth profile change) is a kind of geometric deviation of the ideal
gear tooth profile, which is serviced as a geometric transmission error to gear system. The
macro-level wear can lead to an increase in the strength of gear meshing harmonics in the
vibration signal [25, 26]. Meanwhile, due to the wear-induced gear tooth profile change,
the load distribution on the tooth surface will also be altered, therefore, the dynamic
characteristics of mating gears will change. The effect of macro-level wear on vibrations

can be illustrated in Figure 2.6.
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Figure 2.6 Typical vibration spectrum due to wear [22]

As explained in Section 2.1, abrasive wear can easily result in the gear tooth profile
change, while fatigue pitting usually will not modify the gear tooth profile if gears are
lubricated with a relatively low wear rate. However, both abrasive wear and fatigue pitting
have significant impacts on the micro-geometry of the gear tooth surface. Abrasive wear
and fatigue pitting can induce different surface morphologies, which are at the micro-
level. Abrasive wear can lead to a creation of protrusions (i.e., lumps) distributed from
gear root to tip uniformly, while fatigue pitting induces the occurrences of valleys on the

gear surface, normally distributed from gear root to pitch line.

The micro-level wear generates a rough gear surface, which increases the friction force
between the mating gears, increasing the overall vibrations level and its frequency
characteristics [27]. The energy induced by micro-level wear might be very low in
comparison with the macro-geometry of the gear surface, and the micro-level wear would
induce a random vibration, namely sliding vibrations [14], so it won’t be represented in

the gear meshing harmonics (deterministic signals), thus it is not easy to distinguish and
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extract micro-level wear information from other effects in original measured vibration

[28].

The effects of abrasive wear and fatigue pitting, in both macro-scale and micro-scale, on

vibrations are summarized in Table 2.2.

Table 2.2 Effects of wear on vibrations [14, 15, 22, 29]

Macro-level Micro-level
Wear type Sliding induced vibration
Gear meshing harmonics (deterministic (random Components) Change
components) change
Magnitude
Abrasive wear Significant Increase
Fatigue pitting Slight Increase

From Table 2.2, it can be found that these two wear mechanisms have distinct impacts on
different vibrations features. In practice, when fatigue pitting propagates, abrasive wear
may also co-exist due to oil contamination. The abrasive wear could help to remove high
asperities, then lead to a smooth gear surface and good lubrication, which can help prevent
the occurrence of fatigue pitting. While, the occurrence of fatigue pitting can break the
oil film, and lead to a contact pressure concentration, which could promote the abrasive
wear process [8]. This is a coupling effect between abrasive wear and fatigue pitting,
which results in complex vibration characteristics and makes it difficult in extracting
wear-related vibration features and developing specific vibration-based indicator(s) for
wear mechanism identification and evolution tracking. Therefore, the vibration-based
techniques for gear wear monitoring are rather rare. In the following, the existing
vibration-based gear wear monitoring methodology, using vibration features and models,

will be reviewed and summarized.
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2.3  Use of vibration features for gear wear monitoring

Current wear monitoring work (using vibration features) mainly focuses on gear wear
evolution tracking [13-15, 22, 29-35]. Moreover, most of this research aims to monitor
gear tooth profile change (at the macro-level) [13, 22, 29-34]. In contrast, only a handful
of studies are designed for micro-level wear monitoring, such as detecting surface
roughness changes [14, 15] or monitoring fatigue pitting propagation [35]. Compared
with wear evolution tracking techniques, up to date, the vibration-based techniques for
wear mechanisms identification are rarer. Therefore, in the following, the existing
vibration-based researches for wear evolution tracking are presented first, then, inspired
by these researches, the potential researches for wear mechanism identification will be

discussed and summarized.

2.3.1 Vibration feature-based wear evolution tracking

As discussed in Section 2.2, abrasive wear (or extreme severe fatigue pitting) could lead
to gear tooth profile change (macro-level wear) with an increase in the overall energy of
vibration signal and the magnitude of gear meshing harmonics. Therefore, the
relationship between signal energy or gear meshing harmonics and gear wear severity

were investigated.

Root mean square (RMS) (Eq. (2.1)) is widely used for reflecting the amplitude (or power)
of the vibration signal. Considering the worn gear would bring in geometric deviation
from ideal gear tooth involute, then results in a stronger vibration, there are some
researchers in Refs. [30, 31] using RMS to monitor the gear wear process. It was found
that the RMS value has a positive relationship with the gear wear severity. In addition, to

improve the sensibility and reliability of RMS for detecting gear wear change, a sample
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parameter, named matched filtered RMS, was reported in reference [32], this parameter
was defined to be the logarithmic value (expressed in dB) of the averaged power ratio
between components of the current vibration signal and those of the reference signal.
Compared with classical parameters such as RMS and peak values, it is easy to trend and

performs better in tracking the gear wear process [13].

RMS, = J% [Z;(xi)z (2.1)

As an extended version of RMS, an indicator named energy ratio (ER) was proposed in

Ref. [29]. It was defined in Eq. (2.2) as the difference signal d divided by the RMS of the

signal containing only the regular meshing components yj.

RMS,
R =
RMS,,

(2.2)

ER increases with wear severity when it occurs uniformly on the tooth surface since it

would be expected that in this case RMS4 would increase while RMS, | would decrease.

However, RMS and its extended versions mainly focus on the changes in signal power,
and thus may not be able to reflect the changes in the signal spectral distribution, which
is also closely related to gear wear. Therefore, some studies start to focus on the signal

spectral distribution change due to the gear wear processes.

With consideration of the wear pattern, the uniform wear effects on gear mesh harmonics
were investigated in reference [22]. In reference [22], the author stated that systematic
wear would tend to give a kind of profile deviation which is indicated in exaggerated form
in Figure 2.5. Consequently, the higher harmonics of the tooth meshing will increase.
Therefore, the amplitude of higher-order meshing harmonics could be a reliable way of
detecting uniform wear at its early stage. With this knowledge as a basis, the first three
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gear mesh harmonics of the spectrum and quefrencies of the cepstrum were used in

reference [33] to monitor the gear wear process.

However, in the gear wear process, the average gear tooth working profile/surface will
steadily deviate further from the ideal involute geometry profile of the gear tooth, but the
changes in the gear tooth meshing harmonics are not determined. That is, all the gear
meshing harmonics could vary differently, and each gear meshing harmonic may increase
in a certain period but decrease in the following period. Due to this complex situation,
using only one or several specific meshing harmonics may not be sufficient to monitor
the gear wear process. Therefore, all the gear meshing harmonics with significant energy
are taken into consideration in reference [13], then the sideband ratio (SBR) proposed in
reference [36] was extended and modified into two new indicators: averaged logarithmic
ratio (ALR) and moving averaged logarithmic ratio (mALR). ALR can be used to reflect
the wear effects on the gear degradation state. mALR shows immediate changes in the
gear degradation state within each short time interval. The performance of the two
developed indicators was evaluated by two sets of tests with different initial gear tooth

surfaces.

In theory, surface wear will cause a gradual change in the mechanical properties of the
gear transmission system (most notably in the gear tooth geometry profile and gear
meshing stiffness) and therefore, a gradual change in the gear contact mechanism that
generates the gear vibration signal. Thus, the difference between vibrations with healthy
gears and vibrations with worn gears can be used to represent the gear wear propagation

process.

In reference [34], an indicator named Model Prediction Error (MPE) was used to track

the gear wear process (tooth geometry profile change). Auto-regressive (AR) model was
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used to predict the current state of the vibration signal based on the historical data, then
“prediction error” is the difference between the predicted signal and the current measured
signal, which can be used for indicating the gear wear process. A comparison with
classical indicators was made, such as the FM0, FM4, NA4 and RMS. It proves that MPE

has a better performance than those indicators in gear wear propagation monitoring.

Compared with the above-mentioned researches for macro-level wear severity
assessment, researches for micro-level wear monitoring are quite rare. The reason is that
the micro-level wear induced vibration is a random vibration with low energy, which is
not easy to distinguish micro-level wear information from other effects in the original
measured vibration. In the following, the existing researches for micro-level wear

assessment will be introduced.

Recent developments [14, 15] show that the gear tooth surface roughness (induced by
abrasive wear or fatigue pitting) information can be detected using a cyclostationary
based approach. And the cyclostationarity of vibration is caused by the unique kinematic
characteristics of gear transmission systems, as depicted in Figure 2.7. In the study [15],
an indicator to measure the degree of second-order cyclostationarity (namely 1CS2),
proposed in reference [37], was used to monitor the gear surface roughness change. In the
experimental part, an approximate positive correlation was found between the degree of
second-order cyclostationary indicator (ICS2) of vibration and roughness. However, the
connection was found to be more complex by a later investigation [14], based on a wider
range of roughness values and a longer experimental duration. To date, insufficient

conclusions can be drawn.
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Figure 2.7 Second-order cyclostationary (CS2) signal generation from varying sliding velocity in mating
gears; (a) number of tooth pairs in contact; (b) approximate sliding velocity; (c) possible amplitude-
modulated random signal (CS2) generated from varying sliding velocity (N = number of teeth on the

gear) [15]

In reference [35], the authors assumed that the strength of amplitude and frequency
modulation is correlated to the gear wear severity, and used a correlation coefficient to
quantify the difference between the reference signal (vibrations with healthy gears) and
current measured vibrations, then linked it to gear wear severity. The difference with the
work conducted in reference [34] is that the correlation coefficient used in Ref. [35] is for
monitoring fatigue pitting propagation (micro-level wear), whose information is hard to
detect in the deterministic part of vibration signal. Therefore, a residual signal, after
removing gear meshing and shaft harmonics, is used for correlation coefficient
calculation. Five natural pitting propagation tests were conducted in the laboratory to be

used for verifying the effectiveness of this approach.
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Table 2.3 Studies of vibration feature-based gear wear evolution tracking

References Main techniques Purpose

Accumulated gear wear evolution

[13,29-32] RMS, ER tracking (at macro-level)
[22, 33] Gear mesh harmonics or quesfrencies Accumula}ted gear wear evolution
tracking (at macro-level)
. . Accumulated gear wear evolution
[13,33] Sideband energy ratio, sidebands tracking (at macro-level)
[34] Auto-regressive model, then prediction error Accumulgted gear wear evolution
tracking (at macro-level)
[35] Correlation coefficient-based approach Fatlgue P Itng p ropagation
monitoring (at micro-level)
[14, 15] ICS2 to monitor roughness change Gear surface roughness monitoring

(at micro-level)

Based on the above literature review, the existing vibration feature-based technique for
gear wear evolution monitoring can be summarised in Table 2.3. From Table 2.3, it can
be found that the vibration feature-based techniques for gear monitoring are quite limited
and general. Most of the studies focus on tracking macro-level wear progression (gear
tooth profile change), which can be easily detected and monitored in deterministic
components of vibrations. In contrast, studies for micro-level wear, such as fatigue pitting
or abrasive wear induced surface roughness change, are rather rare. The reason is that the
vibration characteristics of micro-level wear are weak, and most of them are contained in
the random components of vibrations, which are easily masked by unrelated signals from

other vibration generating mechanisms or white noise. This challenge brings huge
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difficulties to extract useful vibration features and monitor micro-level gear wear
evolution. Therefore, researches on investigating the internal relations between micro-
level gear wear and measured vibration features, which could benefit the development of

vibration-based fatigue pitting propagation, are in vital need and of great importance.

2.3.2 Vibration feature-based wear mechanism identification

Up to date, there is very limited work on vibration-based wear mechanism identification,
and the existing approaches for wear mechanism identification mainly rely on visual
inspection of a worn surface and/or its wear particles generated from the surface. Based
on the literature review, there are several researches suggesting their potentials to wear

mechanism identification, which will be presented as follows.

A phenomenon was found in the reference [38], that is, fatigue pitting information is in
the low-frequency range of vibrations. In Ref. [38], artificial pits were introduced to all
the teeth of the pinion with different sizes to simulate different pitting severities, then the
mean frequency variation of a scalogram was used to detect the pitting damage. The
experimental results showed that the mean frequency decreased when the severity of
pitting increases. This suggested that pitting has effects on the low-frequency part of

vibrations.

Even though insufficient conclusions can be drawn in references [14, 15], these two
suggested the surface morphology information could be detected in sliding induced
vibration. Reference [14] also mentioned that the wavelength of surface asperities might
have an impact on the surface roughness monitoring results. This information can be used

to separate abrasive wear and fatigue pitting.
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Based on the findings in references [14, 15, 38, 39], the carrier frequency information of
sliding induced vibrations might have the potential in identifying abrasive wear and

fatigue pitting.

From the above literature review, it can be found that the unique surface features induced
by different gear wear mechanisms have not been well explored and investigated, which
will restrict the potential of vibration-based techniques for gear wear mechanism
identification. Therefore, vibration feature-based techniques for gear wear monitoring
with consideration of special vibration characteristics induced by different gear wear

mechanisms are needed.

2.4 Model-based gear wear monitoring techniques

Gear wear simulation has significant benefits to gear wear monitoring and prediction. The
gear wear simulation mainly uses the gear meshing mechanism, gear wear mechanism,
and vibration characteristics to establish dynamic models, tribological (wear) models, and
their interactions. Then, with the help of the established models, responses in different
health conditions can be simulated and evaluated, and fault symptoms can be disclosed
and concluded for fault diagnostics and prognostics [40-42]. In the gear wear simulation,
gear dynamic models are concerned with the relationship of dynamic properties (stiffness,
transmission error, friction, etc) and system responses such as vibration responses
(dynamic contact forces and vibration signals). Tribological models rely on wear
mechanism theory or experimental data to establish a damage propagation model, in
which contact pressure distribution, oil film thickness and/or wear rate are studied based

on certain inputs including the load, lubricant viscosity, sliding velocity and surface
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roughness. In the following sections, the research progress on gear wear model

developments will be presented.

2.4.1 Dynamic models of spur gearboxes

Contact force is an important input for the tribological model [43-45]. By calculating the
contact force, then contact pressure can be calculated based on Hertzian contact theory
[46, 47], and the gear wear propagation behaviours can be simulated using tribological
(wear) models. There are a lot of researches using empirical equations or finite element
models to evaluate gear contact force and its distribution between meshing gear pairs [48-
53], however, most of them are effective under quasi-static conditions. Without
considering the inertia effects due to the dynamics of the gear system, the quasi-static
contact force can be easily simulated using empirical equations and finite element models.
However, in industrial practices, the gear transmission system is usually operated under
dynamic operating conditions, the corresponding responses (e.g., contact force) are quite
different from those under quasi-static conditions. Normally, because of inertia effects,
the dynamic meshing forces are typically larger than the corresponding quasi-static forces
and their magnitudes and waveforms are quite different [21]. Therefore, the dynamic
contact force and its distribution should be properly evaluated to guarantee i) gear wear
propagation behaviours can be simulated, and ii) accurate wear induced dynamic

responses can be exhibited.

To obtain proper/accurate dynamic contact force during the gear wear process, a dynamic
model of the gear transmission system, which can also generate wear induced dynamic
responses (such as vibrations) for wear analysis, is required. In general, the dynamic
model includes many parameters. Figure 2.8 shows a typical gear dynamic model,

reproduced from reference [54]. In the dynamic model, there are two main excitations to
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generate vibrations of the gear pair. The external excitations are the fluctuation of the
applied load and input operating speed, while the internal excitations are generated from
time-varying cyclic meshing stiffness, k(t), and geometric transmission error, e(t) [55].
The occurrence of gear tooth surface wear can affect the GTE (part of internal excitations)
significantly, then correspondingly the responses will change, which can represent

different fault symptoms with different wear severities.

base circle of ‘\2
base circle of _ﬂje wheel

i the pinion line of contact

Figure 2.8 Dynamic model of a spur gearbox [54]

Generally, when gear wear occurs, the contact patterns between mating gear pairs can be
substantially modified, that is, tooth profile change (induced by abrasive wear) and
contact area reduction (induced by fatigue pitting). Tooth profile change is one kind of
GTE. Both tooth profile change and contact area reduction can alter the gear meshing
stiffness. However, considering the scale of gear wear, the meshing stiffness change
induced by gear wear can be neglected as it is significantly less important than the
transmission error effect [25]. Therefore, only the researches on wear induced

transmission error of the dynamic model will be reviewed.
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Owing to the wear induced GTE, the dynamic load and its distribution between the
meshing gear pairs will be altered, which could lead to a dynamic transmission error (DTE)
and thus result in changes in vibration and noise level. Different from the other parameters
in the dynamic model, such as backlash, manufacturing error and tooth relief, gear wear
will cause a tooth profile change with certain distribution, which is almost zero around
the pitch line and has a maximum value at the root or tip of the gear tooth generally [56].
Different tooth profile changes will cause different corresponding dynamic characteristics
and responses, therefore, to acquire accurate wear induced dynamic characteristics and
responses, GTE should be properly obtained or simulated according to the characteristics
of wear caused tooth profile changes. There are two possible approaches to obtain wear-
induced GTE: one is the simulation-based method and the other one is the experimental
method. In the following, researches involving GTE study for gear wear analysis will be

introduced.

Experimentally, GTE can be measured used a special device. For example, researchers in
Ref. [57] used a designed gear coordinate measurement machine to obtain a large number
of lead traces, each containing around 200 measurement points that are aligned using a
single profile trace to obtain a three-dimensional measurement of the actual gear tooth
surface. This approach can acquire wear-induced GTE accurately. However, when
measuring and evaluating the tooth surface changes, the gearbox should be stopped and
dismantled, which maybe bring other failure modes into the gearbox, such as shaft
misalignment. Therefore, many researchers chose the simulation-based approach. Since
wear induced tooth profile change is complex, therefore, it is not easy to use simple
equations such as sine/cosine functions to represent it accurately. Considering that, there
are some researchers [21, 58-60] who use the tribological (wear) models to obtain the

wear induced tooth profile changes. This approach can be regarded as an integration of
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dynamic model and tribological models, and it will be introduced in Section 2.4.3. In the
following, tribological models to simulate wear propagation behaviours will be presented

first.
2.4.2 Tribological (wear) models for monitoring wear depth and pitting density

There are different approaches to establish tribological models with consideration of wear
modes (abrasive wear, scoring, corrosive wear, etc). Since abrasive wear and fatigue
pitting are the objectives of this study, therefore, tribological models of these two wear

mechanisms will be reviewed in this section.

As for abrasive wear, the Archard wear model [61] is the most accepted and widely used.

The theoretical basis of the Archard wear model is the Archard wear equation, given by:
h = j KyearPvdt (2.3)

where h denotes the wear depth on gear tooth, v is the sliding velocity of mating gear
pairs at time t, P represents the contact pressure and K, 1S a dimensional wear
coefficient. The values for v and P can be determined by the parameters of the gearbox
and dynamic model. In contrast, K., Will be different in different lubrication conditions,
therefore, the wear coefficient Ky, 1S @ major unknown factor and it is usually
determined from experiments [62] or by an approximate wear coefficient model, which
is based on the effect of oil film thickness and gear surface roughness [63]. It is extremely
difficult to measure the wear coefficient directly from experiments [64]. Therefore, the
widely used approach is to evaluate and determine the wear coefficient using empirical

models/equations.
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In the determination of wear coefficient using empirical models/equations, lubrication
plays an important role and its effect is considered based on the oil film thickness-to-
roughness amplitude ratio defined as A = hp,;,/R. The minimum oil film thickness hAp;p,
can be determined by empirical equations with consideration of thermal effects [65]. And
R = (R, + R,)/2, where R, and R, are root mean square values of surface roughness on
the pinion and gear [66]. Based on the value of the calculated A, three lubrication regimes
are considered in the simulations to represent the level of interaction between the mating

gear surfaces, and the wear coefficient K¢, 1s calculated as follows:

a) if A > 4, it means the oil film thickness is sufficient to avoid direct contact

between the gear tooth surfaces, wear is neglected and K¢, 1S set to be zero.

b) if A < 0.5, it indicates a strong interaction, wear is maximum and Ky, 1s usually

determined based on experimental results.

c) in the intermediate zone, K., 1S supposed to be estimated by linear

interpolations based on A.

In conclusion, the relationship between the A and K4, can be summarized in Eq. (2.4)

[21], given by:

1
ko <3

Kyear = 4 2 1 2.4

wear ;k0(4—/1),§</1<4 @49
0, A>4

It can be seen that the values of K, depend on the oil film thickness and surface
roughness, which are used to determine A. Note that k, is an initial value of the wear

coefficient.
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In a gearbox, the interacting gear teeth are always rolling and sliding against each other
under high contact pressure, which means that the lubrication state is most likely in the
mixed or boundary regime [67]. Therefore, tribological models to simulate abrasive wear
behaviours are almost always under boundary lubrication or mixed elastohydrodynamic
lubrication (EHL). In the following paragraph, researches on abrasive wear models under

boundary lubrication or mixed EHL will be briefly introduced.

As introduced in Eq. (2.4), surface roughness is an important factor to determine the
empirical wear coefficient Kye,.. However, initially, tribological models for abrasive
wear were built with no consideration of surface roughness update, in other words, wear
coefficient K¢,y 1S a constant value during the whole abrasive wear propagation process
[57, 58, 68-72]. In these researches, to achieve a gear wear profile that is close to real
worn gear, authors in Refs. [57, 58] used a comprehensive finite element model to
calculate the contact pressure between meshing gear pairs. However, the wear
coefficient K, has not been updated based on Eq. (2.4), which means surface
roughness remains to be a fixed value without updating, which is not true during the real
gear wear process. The surface roughness update issue was addressed in the work
conducted as part of references [73-75]. Time-varying contact parameters (the normal
load, radii of curvature, surface velocities, and slide-to-roll ratio) and wear coefficient
K.year updating based on surface roughness was considered in a proposed transient mixed
EHL model [73], then the transient behaviour of this model was studied and a fatigue
model for a spur gear in combination with the dynamic model was proposed to study the
wear induced characteristics. Then the model proposed in Ref. [73] was employed in
references [74, 75] to establish a fatigue model, but for tooth crack failure rather than

fatigue pitting. With consideration of surface roughness update during the wear process,
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a more accurate wear assessment result can be achieved, compared with the model

without updating surface roughness.

From the above literature review, it can be found that the wear coefficient K5, in most
existing tribological models is an empirical value, even with consideration of surface
roughness updating during the gear wear process. However, in actual practice, except the
surface roughness, lots of other factors can also affect wear coefficient K e4p, sSuch as
contamination of the lubricant, operation condition change, surface morphology change,
etc. Therefore, to accurately simulate wear propagation behaviours, it is necessary to
obtain the real accurate wear coefficient K., based on actual measurements using

efficient and reliable tools.

Compared with abrasive wear, studies on simulating surface pitting propagation
behaviours are more sparse, although there are plenty of publications focusing on
explaining the process of surface pitting initiation [74, 76-78]. In reference [79], a multi-
axial fatigue criterion and an EHL model [73] were combined to develop a fatigue pitting
model. With the developed model, the progression of micro-pits on the tooth surface is
simulated. Similarly, with help of the fatigue formula and EHL model, simulation of
fatigue pitting propagation behaviours under mixed elastohydrodynamic lubrication
conditions is achieved in Ref. [8]. Different from Ref. [79], the competition behaviours
between fatigue pitting and abrasive wear induced mild wear were also investigated. Both
references [8] and [79] involved the EHL model, which is time-consuming due to its high
complexity and high-level expert knowledge is required for model establishment. It will
bring huge challenges to application in industrial practices. Therefore, it is vital to develop
more efficient models/tools to simulate fatigue pitting behaviours. To address this issue,
based on the Lundberg-Palmgren model [80], a modified fatigue model with high

computational efficiency was proposed in reference [81], and results of test rig trials and
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material analyses were presented to demonstrate the effectiveness of the proposed fatigue

pitting model.

2.4.3 Integration of dynamic and tribological models for gear wear monitoring

As mentioned in Section 2.4.1, GTE is a key parameter of the gear dynamic model for
gear wear analysis. However, it is challenging to acquire an accurate tooth wear profile
purely relying on experimental or simple analytical approaches. The tribological (wear)
model can be used to generate the wear curve on the tooth flank, and then the generated
wear curve can be incorporated into the gear dynamic model to generate vibrations
induced by gear wear. This integration of dynamic and tribological models can help reveal
the connection between gear wear and vibration characteristics, which can bring

significant benefits to gear wear monitoring.

However, until this point, there are only limited references [21, 59, 60] using the
integration of tribological and dynamic models for gear wear monitoring. Among them,
authors in references [21, 60] combined the tribological model and dynamic model
together, aimed at studying the coupling effects between surface wear and gear dynamics
(such as meshing stiffness, contact force and vibrations). Then this approach was
extended to the planetary gearbox in Ref. [59]. The reference [21] employed a torsional
model with a single degree of freedom and then integrated it with a wear prediction model
[57] to investigate the interactions between the tooth surface wear and spur gear system’s
dynamic characteristics. However, an accurate prediction for gear dynamics relies on a
comprehensive dynamic model that can simulate the behaviours of the actual running rig.
Reference [21] only included the torsional deflections in gear-shaft systems, the
translational effects coming from the shaft bending and bearing radial deflections were

not considered, which may degenerate the accuracy of the wear analysis. To solve this
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problem, later, a 4-degree-freedom model including translational motions of gears was
introduced in reference [60] and a new dynamic wear analysis method was proposed to
study the interactions between tooth surface wear and gear dynamics. However, in
reference [60], the authors used simple sine/cosine functions to represent the meshing
stiffness and GTE, which is very different from the actual application. An inaccurate
evaluation of meshing stiffness and GTE of the gear dynamic model will also cause

degeneration of the accuracy of the wear analysis.

Based on the discussion of the research publications in the previous sections, it can be
seen that studies on the interaction between tribological and dynamic models for assessing
gear wear processes are still needed with consideration of a comprehensive dynamic
model together with a proper evaluation of parameters (stiffness and GTE). Therefore,
the establishment of a comprehensive dynamic model with proper meshing stiffness and
GTE is necessary, which could simulate realistic wear-induced vibrations (compared with

actual running rig) for further wear analysis.

2.5 Wear prediction techniques

Having the capability to predict the gear wear process would bring enormous benefits in
cost and safety to a wide range of industries. In the following, existing studies of

vibration-based gear wear prediction techniques will be reviewed.

2.5.1 Prediction of tooth profile change from abrasive wear

In reference [82], the wear distribution on gear tooth was predicted using the Archard
wear model for an unlubricated system. Their observations from experiments validated

the prediction results, that is, the maximum wear occurs in the dedendum and addendum
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regions of gears. However, a gear system usually operates with substantial lubrication, as
it reduces wear on the gear teeth, reduces noise and vibration, and improves the power
conversion efficiency as less energy is irrecoverably lost to wear mechanisms. To address
this issue, an EHL model was applied in Ref. [83] to simulate the wear propagation
behaviours and predict the accumulated wear depth under lubrication conditions. But the
applied EHL model in reference [83] is time-consuming and requires a high-expert
knowledge for establishment. To reduce the computational cost of the EHL model, a
simplified EHL model was developed in reference [84], where temperature factors were
considered, and the predicted results of gear wear were validated against those obtained
by isothermal formulas defined in reference [85]. However, in references [82-84], the
contact force was calculated using empirical equations, without consideration of the real

worn tooth profile geometry, which could degrade the accuracy of prediction results.

Several studies [86-88] used an empirical formula to estimate the contact force between
gears, which was used to estimate the worn tooth profile. The accuracy of these estimates
can be improved by using the finite element method to determine the contact force. A
gear surface wear prediction methodology for spur and helical gears was proposed in
reference [57]. In the proposed methodology, a finite element model of the gear contact
mechanics, in conjunction with Archard’s wear equation, was employed to predict gear
wear. To guarantee the accuracy of prediction results, a special measurement machine
was used to acquire the real worn tooth profile during the gear wear process. This
measured worn tooth profile was set as an input of the finite element model to predict the
wear propagation progression. And, the prediction results were validated through
comparison with experimental ones. However, in the approach proposed in reference [57],
the gearbox should be stopped and dismantled when measuring the worn tooth profile.

The stoppage and subsequent dismantling could introduce other failure modes or affect
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the progression of existing ones. Researchers in references [89-91] have also used the
finite element method to estimate the contact force between gears, which was used as an
input into the Archard wear model, and subsequently used to predict the wear depth of
spur and planetary gears. To obtain a more accurate contact force and reduce the
computational cost, efforts on improving the finite element model were made in
references [92, 93]. The results showed that the wear predictions were improved with
help of the improved finite element model. However, there is a drawback of using a finite
element model, in that it is difficult to properly represent the dynamic characteristics
induced by inertia. With the finite element models employed in references [92, 93], the
simulated contact force is under quasi-static conditions. However, in actual practice, the
gearbox is running under dynamic operating conditions, and the dynamic contact force is
different from the quasi-static contact force in both magnitude and waveform [21]. To
include the dynamic effects into the finite model, the boundaries and mesh generation
should be well defined, both of which require high-level expert knowledge, along with
increased computational costs. Therefore, the use of a simple finite element model could
bring noticeable errors to wear prediction, unless the worn tooth profile can be regularly
corrected using actual measurement, as in reference [89]. Thus, a dynamic model is
needed to provide the dynamic contact force, which is closest to the actual running test
rig. Note that the finite element model mentioned in this thesis refers in particular to the
simple finite element model without well-defined boundary conditions and mesh

generations.

Except for physical model-based gear wear prediction, there are some other approaches
that were proposed to monitor and predict the change of the profile of a gear tooth due to
wear. For example, an integrated prognostics method was proposed in Ref. [24] for wear

prediction in terms of wear depth change. In this hybrid approach, the Archard wear
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model was used to simulate wear behaviours, and the Bayesian update process was
implemented to determine the wear coefficient during the wear process. The predicted
results were compared with experimental results from tests using a planetary gearbox that
was run-to-failure. Compared with the wear prediction purely relying on physics models
or experiments, the results suggested that the integration of the wear model and actual
measurements could achieve more reliable and accurate wear prediction. The relationship
between gear hobbing processing technique and gear geometric deviation was modelled
by applying the improved Particle Swarm Optimization (PSO) and Back Propagation
algorithm (BP) to determine the optimal model parameters in reference [94]. The
accuracy of both algorithms was evaluated by the Root Mean Square Error between the
predicted and experimental values. The result shows that the gear geometric deviations
were well predicted and were in reasonably good agreement with experimental data. A
statistical model with statistical parameters was proposed in Ref. [95] to monitor and
predict the gear behaviours with extreme tooth profile alteration induced by abrasive wear,
the effects of the Sic concentration, applied load and sliding distance was statistically and
physically analyzed in detail. Besides, a fusion of ultra-complete independent component
analysis (UICA) and parameter estimation (PE) was developed in reference [96] to
monitor and predict the severity of gear wear. Even though promising prediction results
were achieved in references [94-96], these statistical model-based approaches could not
reveal the wear behaviours and gear dynamic responses change during the gear wear
process, which has significant benefits to the understanding of wear mechanism and its
consequences to the gear system. Also, the statistical model-based approach heavily relies
on a huge amount of experimental data, which limits its capability of applying in
industrial practice. Therefore, a vibration-based tool, which can reveal the gear wear and

dynamic behaviours also requires a small amount of experimental data for model
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parameter updating/calibration, is in vital need and it could bring significant benefits to

gear wear monitoring and prediction in industrial practice.

2.5.2 Prediction of surface pitting propagation

The focus of the research described in the previous sections was on the prediction of the
change in the profile of gear teeth caused by abrasive wear. Some research [8, 81]
involved predicting the propagation of fatigue pitting. In reference [8], an EHL model
and fatigue equation were combined to simulate the propagation behaviours of fatigue
pitting propagation and mild tooth profile change (caused by abrasive wear), under mixed
elastohydrodynamic lubrication conditions. In this approach, the competitive behaviours
between abrasive wear and fatigue pitting were successfully simulated during the gear
wear propagation progression. However, as for this approach, high computational cost
and high-level expert knowledge are required to realize the EHL model. Compared with
research described in reference [8], a more efficient approach was proposed by the
researchers in Ref. [81], where the Archard wear model and empirical fatigue pitting
formula were used to predict both the abrasive wear (in terms of wear depth) and fatigue
pitting (in terms of surface pitting) propagation. Also, a statistical formulation was
proposed in reference [97] to depict the evolution of asperity shape induced by wear and
plastic deformations under mixed lubrication, and an asperity strain-hardening model was
developed to predict the surface roughness change and fatigue pitting propagation.
Although the model predictions were in almost perfect agreement with the experimental
reference measurements in Ref. [97], the predictions must be subjected to a larger number
of experimental evaluations for a more decisive validation and a final judgment on their
precision, which brings huge challenges to the application in industrial practices.

Moreover, in references [8, 81, 97], none of their propagation processes was timely
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examined and calibrated by actual measurements to accommodate changes in operating

and lubrication conditions as well as wear conditions and rates.

In practice, the abrasive wear and fatigue pitting propagation rate would be affected by
contamination of the lubricant, change in roughness, changes in the operating conditions,
etc. Therefore, without real-time examination and updating, the accuracy of predictions
is uncertain and will decrease significantly as wear progresses. Therefore, reliable,
effective and efficient simulation methods are needed to predict the propagation of gear

wear, with consideration of experimental/industrial measurements.

Besides, except for the above-mentioned physical model-based approaches, other kinds
of techniques were also developed and proven to be effective for fatigue pitting prediction.
For example, the artificial neural network (ANN) was used in Ref. [98] to predict the
severity of gear fatigue pitting. Based on some well-known standards, there are some
methodologies developed for predicting fatigue pitting severity in references [99, 100].
American Gear Manufacturing Association (AGMA) design standard was employed in
Ref. [99] to predict pitting and bending fatigue crack initiation along the gear tooth profile.
With help of the ISO standard of gear micropitting (ISO/TR 15144-1:2020) and
considering the operating load and speed conditions, a theoretical study was carried out
in Ref. [100] to assess the risk of gear micropitting by determining the gear contact stress,
sliding parameter, local contact temperature and lubricant film thickness along the line of
action of gear tooth contact. Note that a large set of experimental data is required to train
the ANN or determine/optimize the parameters in the AGMA and ISO standards. In real
applications and industry practice, it is hard to obtain significant historical data for
training or parameter optimization. Also, having the ability to demonstrate the fatigue

pitting propagation behaviours can help the analyst to well understand the fatigue
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mechanisms. However, ANN, AGMA or ISO standards cannot reveal and exhibit the

fatigue pitting propagation behaviours with details.

2.5.3 Research gaps

From the above literature review on gear wear (abrasive wear and fatigue pitting)
prediction techniques, it can be seen that most of the existing wear prediction techniques
are designed for predicting abrasive wear induced tooth profile change. In contrast, the
researches for fatigue pitting prediction are rare. The reason might be that 1) there are few
effective and efficient models/tools for simulating fatigue pitting propagation behaviour;
and i1) abrasive wear usually co-exists during the fatigue pitting propagation progression,
which brings in complex surface degradation process and surface morphology; iii) the
fatigue pitting induced vibration feature is extremely complex, weak and difficult to
extract. These challenges restrict the development of vibration-based fatigue pitting
propagation monitoring and prediction. Therefore, a reliable, effective, and efficient
fatigue pitting model/tool is required to reveal and represent fatigue pitting propagation

behaviours.

From the review of the existing research on gear wear prediction, it can also be found that
the physical-based approach is widely used. Compared with the statistical model-based
approach, artificial intelligence-based approach and standard-based approach, the
physical (wear) model has its unique advantage, which is that the surface degradation
behaviours can be represented for helping understand the wear mechanism and its
consequences to the gear system. However, the existing model-based wear prediction
methodology has not been timely examined and calibrated using actual measurements,
which could degrade the wear prediction accuracy. Therefore, it is necessary to develop

a vibration-based tool for gear wear prediction, in which, the wear model is developed
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with a complete understanding of the wear mechanism and models parameters can be

timely calibrated and updated with a reasonable amount of experiment data.

The digital twin (DT) is a virtual representation (mirror) of a physical structure or a
system in real space along its lifecycles [101]. Through real-time interaction between the
virtual model and physical structure, the degradation status of the system and its RUL can
be reflected and evaluated effectively. Thanks to its unique speciality, DT has received
considerable attention from the research community over the last decades. However, due
to the complex structures and harsh operation conditions, research of DT-based gearbox
transmission system RUL prediction is rather rare. And existing conceptual approaches
[101-103] have limitations in indicating the specific contact statuses and providing
insights on degradation stages of gearbox transmission systems, all of which are of high
value to RUL prediction. Therefore, the development of a systematic and practical digital
twin technology for gear wear monitoring and RUL prediction and will benefit the
research community and industrial practices significantly. It is the main research goal of

this thesis.

2.6 Summary

This chapter presents the review for vibration-based gear wear monitoring. From the
literature review of vibration feature-based gear wear monitoring, it was found that most
of the existing research focuses on tracking the abrasive wear-induced tooth profile
change, which is at the millimetre level (macro-level wear). The researches for fatigue
pitting monitoring (micro-level wear) and wear mechanism identification are rather rare

and deserve more attention from the research community.
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In reviewing the progress of vibration model-based gear wear monitoring, it can be seen
that the Archard wear equation still plays an important role in modelling the abrasive
wear behaviours. In contrast, models for fatigue pitting are limited, and the combination
of the EHL model and fatigue criterion is the main approach to simulate fatigue pitting
propagation behaviours, which is time-consuming and requires a high level of knowledge
for the model establishment. Therefore, more effective and efficient models/tools for

simulating fatigue pitting propagation behaviours are required.

Moreover, in practice, abrasive wear and fatigue pitting can both occur in the gear surface
degradation process, simultaneously or appear at different times on the same gear.
Therefore, it is important that both the gear tooth profile change and surface pitting
density can be monitored and predicted. To do so, there is a vital need to quantify the
wear induced tooth profile change (in terms of wear depth) and the surface pitting density

in situations when these two wear events take place separately or simultaneously.
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Chapter 3 Methodology

This chapter presents and demonstrates the rationalities of the overall approaches and
technical strategies to achieve the ultimate goal of this research. More specific

information on the approaches is presented in Chapters 4-7.

The structure of this chapter is arranged as follows. An introduction to the overall strategy
to implement the vibration-based integrated system for gear wear monitoring and
prediction is introduced in Section 3.1, and the procedures to achieve the specified project
goals are presented. The experimental research facilities and test programs to realize the
objectives of this research are presented in Section 3.2. Then, Section 3.3 and Section 3.4
give the skeletons of the proposed methodology for the specified research objectives in
stages. More specifically, approaches used to identify gear wear mechanisms and to track
wear evolution using vibrations are presented in Section 3.3. With the identified wear
mode(s), model-based gear wear monitoring and prediction methodologies are introduced
in Section 3.4, including dynamic model, tribological (wear) models and the

corresponding updating procedures with help of measured vibrations.
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3.1 The overall strategy of the vibration-based integrated system for

gear wear monitoring

The developed vibration-based gear wear monitoring and prediction integrated system

consists of two stages:

e Stage 1: Wear mechanism identification using vibration-based techniques
e Stage 2: Wear propagation monitoring and prediction using vibration-based
approaches
This project can be further divided into four specific research objectives: objective 1

belongs to stage 1, and objectives 2-4 belong to stage 2.

Objective 1: Identification of gear wear mechanism and tracking wear evolution
using cyclostationary properties of measured vibrations
e Objective 2: Dynamic model development
e Objective 3: Monitoring and prediction of tooth profile changes during wear
progression
e Objective 4: Development of a digital twin approach for monitoring and
prediction of surface pitting and tooth profile changes
Objective 3 only focuses on monitoring and predicting one wear phenomenon, which is
tooth profile change (e.g., from abrasive wear). Objective 4 is a further improvement in
objective 3 by monitoring and predicting two wear phenomena/events, that is, tooth
profile change and surface pitting. In practice, it is common that multiple wear events co-
exist during gear wear progression. Therefore, these two common wear phenomena,
surface pitting propagation and tooth profile change, are taken into consideration in

objective 4. To show the connections of the above-mentioned objectives of this project,

41



a schematic diagram of the overall strategy for gear wear monitoring and prediction is
given in Figure 3.1. The specific techniques utilized to realize each objective will be
introduced in Sections 3.3 and 3.4 below. Also, the congruent relationship between each

objective and the following chapters of this thesis is shown in Figure 3.1.

To conduct the research stated in stage 1 and also to demonstrate and validate the
effectiveness of the developed vibration-based integrated system in gear wear monitoring
and prediction, two endurance tests were conducted on a spur gearbox at UNSW under
different lubrication conditions to generate different dominant wear phenomena/events.
The experimental research facilities and test programs to realize and accomplish the
above-mentioned objectives of this research project will be introduced in the following

section.

Stage 1
Wear mechanism identification

Objective 1
*  Gear wear mechanism identification

*  Gear wear evolution tracking
Chapter 4

Identifiedwear
mode(s)

Stage 2

Wear monitoring and prediction identification

Objective2

¢ Dynamic model development

\

[ Dynamic force \

Chapter 5

Objective3 Objective 4

* Tooth profile change (from ¢ Surface pitting and tooth
abrasive wear) monitoring profile change monitoring

and prediction and prediction

Chapter 6 Chapter 7

Figure 3.1 The schematic diagram of the research methodology
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3.2 Experimental research facilities and test programs

3.2.1 Spur gearbox at University of New South Wales

A single-stage spur gearbox rig, shown in Figure 3.2, was used to conduct gear wear tests.
The gearbox is composed of an input shaft and an output shaft, which carry two modular
gears (module 2) with 19 and 52 teeth, respectively. To achieve an accelerated wear rate,
gears made of mild steel (JIS S45C) were used. The gears have not been processed with
heat treatment and the hardness is less than 194 HB. The precision grade of the gears is
JIS grade 4 (JIS B1702:1976), and gear teeth are with standard full depth. The input shaft
is powered by a 4-kW electric motor, whose instantaneous rotational speed is controlled
by a variable frequency drive (VFD) and connected to a torque meter that can monitor
the instantaneous torque of the gear transmission system. An electromagnetic particle
(EMP) brake is connected to the output shaft (at the end) and is used to control the torque
transmitted by the gear transmission system. Two encoders are installed at the remaining
free ends of the shafts. The connections of the gearbox shafts with the motor, brake and
encoders are achieved using couplings with high torsional stiffness and low bending

stiffness.

Two vibration sensors (B&K 4396 and B&K 4394 accelerometers) are mounted on the
top of the gearbox casing in the positions shown in Figure 3.2(b). The sensitivity of the
B&K 4396 accelerometer is 10.0 mV/ms~2 and its nominal frequency range is 1 to
14000 Hz, while for the B&K 4394, its sensitivity and frequency range are
1.00 mV/ms~2 and 1 to 25000 Hz, respectively. The lubrication is provided by an oil
bath and the kinematic viscosity of the oil is 146 (40 °C, Shell Spirax S2 A 80 W-90).

Before the lubricated test and unlubricated test were conducted, three teeth on each gear
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(hence a total of 6 teeth) were chosen randomly and marked to be used for monitoring the
evolution of wear on the surface of the gear teeth. The moulding procedure consisted of
applying Microset 101 thixotropic silicone polymer to a series of marked gear teeth at
each stoppage during the endurance tests. The moulds were then tagged with the

collection time (cycles) and stored for further analysis.

(a) (b)

(c)
Pinion Torque meter
Encoder -
I - I D Motor
B = Encoder
Gear
EMP brake Geatbion

e Accelerometer [H] Coupling

Figure 3.2 The spur gear test rig at University of New South Wales (UNSW): (a) Overall view; (b) Detail
of the gearbox; (c) A schematic diagram of the setup [16]

3.2.2  Wear tests and data collection

Two run-to-failure tests were carried out to simulate gear wear progression behaviours
under different lubrication conditions. A test with lubrication was conducted to generate
fatigue pitting on the gear surfaces, and mild tooth profile change co-exists due to the

abrasive wear. Next, a test without lubrication was conducted to create abrasive wear, and
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the tooth profile change is severe but no/rare surface pitting was observed. Further details

of these two tests are presented below.

The test with lubrication was performed to simulate the natural fatigue pitting propagation
progression. The lubricated test was performed with a pre-roughened gear pair to
accelerate the degradation process and abrasive wear occurred at the beginning of the test
when the gear tooth surface was rough; the initial gear surface condition/morphology is
shown in Figure 3.3. The lubricated test ran for a total of 3.25 million cycles of the pinion
(the driving gear). The test rig was stopped roughly every 0.1 million cycles for the
lubricated test to record the surface condition of the six gears by using a moulding
technique, as shown in Figure 3.4. During this endurance test, the motor torque was set
to 20 Nm for the entire duration, which is around 9-times the pinion’s rated torque for
surface durability, guaranteeing the occurrence of surface pitting. During short specific
intervals within the test campaign (mostly before each stoppage), the input shaft rotational
speed was adjusted to 2 Hz, 6 Hz, 10 Hz, 16 Hz and 20 Hz from the pre-set operating
speed to record vibration and tacho/encoder signals. Each speed adjustment lasted around
10 seconds, after which the input shaft speed was changed back to the pre-set operating
speed. This speed adjustment was intended to generate different types of transmission
error signals, with the relevant investigations reported in reference [104]. Vibration
signals were acquired regularly (around every 6000 cycles) within the test campaign, with
a record length of 10 seconds and a corresponding sampling rate of 100 kHz. Figure 3.5
shows a picture of the pinion and an image of a pinion tooth surface after the test with

lubrication, which shows the occurrence of fatigue pitting.

The test without lubrication (dry test) was conducted with a new pair of gears over
approximately 38,000 cycles of the pinion. The test rig was stopped roughly every 5000

cycles for the dry test to record the surface condition with the moulding technique. Figure
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3.6 shows the surface of a tooth on the pinion and was not artificially worn before
commencing the test. The dry test intended to create an environment conducive to high
rates of abrasive wear, leading to rapid tooth profile changes, but without substantial
levels of pitting. To achieve this, the motor torque was set to 5 Nm and the input shaft
speed to 10 Hz for the entire duration of the test. Similarly, during short specific intervals
within the test campaign (mostly before each stoppage), the input shaft rotational speed
was adjusted to 2 Hz from the pre-set operating speed to record vibration and
tacho/encoder signals. The vibration signals were sampled at 100 kHz and for a duration
of 10 seconds. Wear particles were collected during the dry test using adhesive paper, as
shown in Figure 3.7, and their mass has been used to calculate average wear depth. Figure

3.8 shows the appearance of the pinion and its gear surface after the test.

—
1000 pm

Figure 3.3 The initial surface of the pinion gear that was artificially roughened using sandpaper before
conducting the test with lubrication

46



Figure 3.4 Gear pair and mould making (in lubricated test)

(a) Pinion (b) Fatigue pitting on pinion A

Sliding direction

Figure 3.5 Gear surfaces after the lubricated test: (a) Appearance of the pinion; (b) An image of a mould
of a pinion tooth surface with fatigue pitting

Tooth tip

Tooth root

Figure 3.6 The initial pinion surface before the dry test
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It should be highlighted that the aim of the two tests is not to conduct the most realistic
wear progression possible. Nor is it to investigate the effect of speed and load on wear
(rates). The objective is rather to generate lots of abrasive wear in one test and lots of
fatigue pitting in the other, so that techniques for monitoring and predicting the

progression of these wear types can be developed and tested.

Adhesive paper

Figure 3.7 Gear pair and adhesive paper (in dry test)

(a) Pinion (b) Abrasive wear on pinion

Sliding direction

Figure 3.8 Gear surfaces after the dry test: (a) Appearance of the pinion; (b) An image of a mould of a
pinion tooth surface with abrasive wear

The lubricated test and dry test are used in this research to help realize the above-
mentioned objectives 1, 3 and 4. More specifically, two different dominant wear
mechanisms/events occurred in the lubricated test and dry test respectively: fatigue pitting
and abrasive wear. The measured vibrations in the two tests can be utilized to help

develop the vibration-based techniques for wear mechanism identification, which
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corresponds to objective 1 of this research. Also, as for objectives 2, 3 and 4, the measured
vibrations are used to conduct model calibration and compare with simulations to update
model parameters for gear wear progression prediction, which will be introduced in
Section 3.3 and Section 3.4. The details and differences of the lubricated test and dry

test are summarized in Table 3.1.

Table 3.1 Settings of lubricated test and dry test

Test 1 Test 2
Lubricated Yes No
Pre-worn Yes No
Max cycles 3,250,000 cycles 38,000 cycles
Stop intervals 100,000 cycles 5,000 cycles
Load 20 Nm 5 Nm
Input shaft speed (constant) 10 Hz 10 Hz
Short-term input shaft speed changes 2 Hz, 6 Hz, 16 Hz, 20 Hz 2 Hyz

(constant; not used in this study)

3.3 Gear wear mechanism identification and wear evolution tracking

using cyclostationary properties of vibrations (objective 1)

It is necessary to identify the gear wear mechanism and understand its impacts on gear
tooth before monitoring and predicting the wear propagation so that the corresponding
maintenance strategies for specific wear events can be developed and scheduled.
According to the literature review of Section 2.3, it can be found that the existing
approaches for wear mechanism identification are off-line techniques. For instance, the
widely used approach is the visual inspection of a worn surface and/or the wear particles

generated from the surface. This approach requires either interruption of the operation (in
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the case of visual inspection) or a delay in analysing wear debris, and the operating status
of gearboxes cannot be timely reflected. Therefore, it is necessary to identify wear
mechanisms (abrasive wear and fatigue pitting) using an efficient and effective online

approach and track its wear evolution.

In general, changes in the profile of gear teeth cause changes in the deterministic
component of vibrations. In contrast, the sliding induced random vibration from the
asperity contacts between two mating gears is closely related to the surface morphology
[105, 106]. From the surface feature view, abrasive wear tends to introduce a change to
the gear tooth profile, while fatigue pitting has negligible effects on the gear tooth profile
unless the fatigue pitting is extremely severe [19]. However, both abrasive wear and
fatigue pitting change the micro-geometry of gear tooth surfaces. Therefore, the sliding-

induced random vibrations have the information of both abrasive wear and fatigue pitting.

However, in the measured vibrations, the sliding induced random vibration is usually
mixed with the signals from other unrelated vibration generating mechanisms or white
noise, which brings difficulties in extracting surface morphology related information for
wear mechanism identification and wear severity tracking, and also leads to the traditional
indicators (e.g., RMS and kurtosis) lose their effectiveness in gear wear monitoring. To
effectively extract the sliding vibration from background noise (i.e, the signals from other
unrelated vibration generating mechanisms or white noise), the special characteristics of
sliding vibrations were investigated in references [14, 15], and it was found that the
sliding vibration has second-order cyclostationarity (CS2) due to the time-varying sliding
velocity and contact force on the tooth pairs. Therefore, cyclostationary properties of
vibrations and the relevant techniques such as spectral coherence map and indicator of
CS2 are used and further explored in this research to identify the wear mechanism and

then track its propagation.
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Figure 3.9 The schematic diagram of the vibration-based wear mechanism identification and evolution
tracking

The main procedures to achieve objective 1 in this research are as follows. Firstly, the
relationship between the spatial frequency of the surface morphology and the frequency
of sliding vibration is investigated and established. Then the fatigue pitting and abrasive
wear are identified and separated using the carrier frequency of measured vibrations and
ICS2 of vibrations [37] (an indicator of CS2): fatigue pitting information is carried in the

low-frequency range, while abrasive wear information is carried in the high-frequency
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range. Finally, the fatigue pitting and abrasive wear propagation are monitored and
tracked using ICS2 in the proper frequency bands. A schematic diagram of the vibration-
based wear mechanism identification and evolution tracking is shown in Figure 3.9. More

details of this development can be found in Chapter 4.

3.4 Model-based gear wear monitoring and prediction methodology

Once the wear mechanism is identified, the gear wear propagation can be monitored and
predicted using the corresponding approach/technique so that the remaining useful life of
the gear system can be estimated. As reviewed in Section 2.4, compared with statistical
models and artificial intelligence, the physical model-based wear monitoring
methodology has many merits such as fewer measurements are required for training or
calibration purpose and an in-depth understanding of the wear mechanism can be
provided. Therefore, model-based techniques are utilized in this research for monitoring

and predicting gear wear propagation.

However, in practice, during gear wear progression, the wear propagation rate tends to
change due to factors such as oil contamination, changes in operating conditions, changes
in surface roughness, etc. Therefore, to ensure accurate prediction results, regular
comparison between simulations and actual measurements is scheduled in this project to
update the model parameters if necessary. This updating procedure can address the wear
rate shift issue and guarantee the best possible prediction of RUL can be achieved at any
particular time. The skeleton of the model-based wear prediction proposed in this project
is shown in Figure 3.10. In the following sections, specific models and techniques for
monitoring different wear phenomena will be introduced. It should be emphasized here
that the main novelty of this model-based gear wear monitoring scheme is that regular
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comparisons between simulations and actual measurements are conducted to update the
model parameters whenever necessary so that an accurate prediction of wear propagation
can be achieved. Also, compared with wear particle measurements or images obtained
through scanning the worn tooth profile, vibration has a unique advantage in that it can
be easily and quickly obtained for updating purposes, without interrupting the operation

of the gearbox.
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Figure 3.10 The skeleton of the model-based gear wear monitoring and prediction

3.4.1 Super gearbox dynamic model development (objective 2)

From the literature review of Section 2.4.1, modelling the contact force is a critical
procedure for gear wear monitoring and prediction due to it is an important input of
tribological (wear) models. Most of the existing researches use finite element models and
empirical equations to calculate the contact force between the meshing gears, and the
obtained contact force is under quasi-static conditions. However, in practice, the gear
system is usually operating under dynamic conditions, and due to the inertial effects,
dynamic meshing forces are typically larger than the corresponding quasi-static forces
and their waveforms are quite different [21]. Therefore, the use of quasi-static force could
bring noticeable errors to the subsequent wear prediction. Compared with the simple
finite element model and empirical equations, the dynamic model can give a contact force

under dynamic conditions which consider the inertia effects [18, 41, 107]. Therefore, the
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dynamic model is chosen to provide necessary inputs to wear models and generate

simulated vibrations in this research.

To achieve objective 2 of this research, a 21 degree-of-freedom (DOF) lumped parameter
dynamic model is established based on the UNSW gearbox test bench (as shown in Figure
3.2). The model includes the motor, shafts, gears, casing and couplings. The basic motion
equations of the dynamic model are established based on Newton’s Second Law of

Motion.

To guarantee the outputs (such as dynamic contact forces and vibrations) from the
dynamic model are close enough to the measurements from the experimental rig, the
model has been validated and calibrated through a series of tests, including impact tests,
speed ramp tests and several constant speed tests. More details of the dynamic model
development can be found in Chapter 5. Note that the 21 degree-of-freedoms (DOFs)
lumped parameter dynamic model is developed based on the fixed-axis spur gearbox test
rig shown in Figure 3.2, whose structure and properties are different from the spur

gearbox test rig shown in previously published work [18, 41, 107].

3.4.2  Monitoring and prediction of tooth profile changes from abrasive wear (objective

3)

With the dynamic contact force from the established dynamic model, the wear
progression can be monitored and predicted through specific tribological (wear) models.
Tooth profile change is one common wear phenomenon and it is usually caused by
abrasive wear [19]. The tooth profile alteration can cause stress concentration, which
increases the risk of tooth breakage significantly. Therefore, it is necessary to monitor

and predict the tooth profile change from abrasive wear.

54



The physical-model based approach is chosen in this research to monitor the tooth profile
change from abrasive wear, therefore, a tribological (wear) model which can represent
the abrasive wear propagation behaviours and its induced tooth profile change is needed.
From the literature review of Section 2.4.2, although many advanced wear models have
been proposed using different methodologies and parameter sets, the Archard wear model
[61] remains the most commonly used for practical applications, and is chosen in this
research. However, none of the previously published research [21, 57, 62, 68, 108]
considered the contribution of adjacent contact points to the wear depth accumulation
with the Archard wear model, which can affect the wear distribution and then impair the
wear prediction accuracy. Therefore, in this research, the Archard wear model is
improved to calculate the wear depth on gear tooth, with consideration of the effect of
Hertzian deformation, giving a contact area rather than a line, and the effects from

adjacent contact points are included.

To solve the previously discussed wear propagation rate change issue, simulation and
measured vibrations are compared regularly to update the model parameters if necessary,
and a vibration-based scheme for updating gear wear prediction is proposed in this
research project. The whole basic procedure of the proposed methodology is shown in
Figure 3.11. The modelling component of this proposed methodology is composed of two
interacting simulation models: a dynamic model and an Archard wear model. Based on
the input of the gear tooth profile geometry, the dynamic model predicts gear tooth
dynamic contact forces, which are passed on to the Archard wear model to estimate the
gear wear distribution and consequently modify the gear tooth profile geometry, which is
then fed back into the dynamic model. This iterative loop allows a knowledge-based
prediction of gear wear propagation. To address the issue of changing wear rates (due to

factors such as oil contamination, changes in operating conditions, changes in surface
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roughness, etc.), the vibrations from the gearbox dynamic model are compared to
measured vibrations to track the quality of the wear model predictions and, if necessary,
update the gear wear model parameters. This updating procedure is shown on the right of
Figure 3.11, which is marked in red. As will be shown in the results presented in Chapter
6, the vibration-based updating scheme can deliver a reliable and accurate gear tooth
profile change monitoring and prediction result from abrasive wear. More details of the

development can be found in Chapter 6.
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Figure 3.11 Basic procedures of the proposed vibration-based updating scheme for tooth profile change
(from abrasive wear) predictions

3.4.3  Monitoring and prediction of surface pitting propagation and tooth profile change

from abrasive wear using a digital twin approach (objective 4)

Fatigue pitting is another common wear phenomenon during the gear service life, it is
caused by fatigue under cyclic loading, can result in large valleys on the gear tooth surface,

but the effective working tooth profile (considered across the entire face width) often
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remains unchanged, unless pitting is extremely severe [19]. Therefore, fatigue pitting is
very different from abrasive wear. Also, fatigue pitting could promote the generation of
surface spalls across the entire tooth width, resulting in a reduction in gear tooth surface
durability and/or even tooth breakage [4]. Therefore, it is necessary to monitor and predict
the surface pitting propagation, which benefits the remaining useful life prediction of the

gear system.

From the literature review of Section 2.5.2, most of the existing approaches for modelling
surface pitting propagation are combinations of an elastohydrodynamic lubrication (EHL)
model and fatigue criteria [8], which requires substantial computational resources and
detailed knowledge of the surface micro-geometry and lubrication conditions due to the
incorporation of surface roughness, prohibiting its widespread application in practice. To
address this issue, in this research, a simple and efficient surface pitting model is derived
to simulate and predict the pitting propagation behaviours based on the Lundberg-

Palmgren model [80].

However, as with the previously discussed issue of changes in the abrasive wear rate, the
surface pitting propagation rate would also be affected by a variety of factors — e.g.,
lubrication quality and quantity, contact pressure distribution, surface roughness and
operating conditions, all of which may change significantly — and so without frequent
checking and, if necessary, updating of the wear model parameters, the accuracy of the
prediction results cannot be guaranteed and is likely to decrease significantly during the

surface pitting propagation.

To accurately monitor and predict the surface pitting propagation, a similar vibration-
based updating scheme as introduced in Section 3.4.2 is used in this research, as shown

in Figure 3.12. In the proposed vibration-based updating scheme, contact pressure from
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the dynamic model is provided to the developed fatigue pitting model, and the surface
pitting propagation can be predicted in terms of pitting density. The occurrence and
progression of surface pitting could reduce the contact area of the mating gear tooth, then
alter its contact pressure, which could impact the further surface pitting propagation. This
knowledge-based surface pitting propagation is marked in black and blue as shown in
Figure 3.12. To guarantee accurate predictions, regular updating of the pitting coefficients
is implemented by comparing with measured vibrations (ICS2), when available, as
marked in red in Figure 3.12. More details of the development of fatigue/surface pitting

propagation prediction can be found in Chapter 7.
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Figure 3.12 Basic procedures of the proposed vibration-based updating scheme for fatigue pitting
propagation predictions

In practice, when fatigue pitting propagates, abrasive wear may co-exist due to oil
contamination, thus, abrasive wear induced tooth profile changes and surface pitting can
both occur as part of the surface degradation process in the same gear, either

simultaneously or at different times, and these processes can strongly affect one another,
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Therefore, it is necessary to develop a reliable and efficient tool, which can utilise the
capability of efficient physics-based models and measurements for predicting the surface

pitting propagation and the tooth profile change caused by the co-exist abrasive wear.
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Figure 3.13 Basic procedures of the proposed digital twin approach for monitoring and prediction of
surface pitting and tooth profile changes from abrasive wear

To address the above-mentioned issue, in this research, a digital twin approach for
monitoring and prediction of surface pitting and tooth profile changes from abrasive wear
is developed, whose skeleton is shown in Figure 3.13. Based on the inputs of gear tooth
profile geometry and operating conditions, the dynamic model can provide dynamic
contact forces and simulated vibrations of the gear system. The contact pressure can then
be calculated using the Hertzian contact theory. With the contact pressure as an input, the
Archard wear model can estimate the abrasive wear rate and consequently predict the gear
tooth profile geometry at a specified future point in time, and this is then fed back into

the dynamic model. Meanwhile, the contact pressure is passed on to a surface pitting
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model to predict the surface pitting density, which consequently modifies the contact area
and then alters the Hertzian contact pressure. To obtain accurate predictions, regular
updating of the wear coefficients is implemented by comparing measured vibrations,
when available, with the simulations, as marked in red. More details of the development
of the digital twin approach for monitoring and predicting both surface pitting

propagation and tooth profile change can be found in Chapter 7.
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Chapter 4 Identification of gear wear mechanisms and
tracking wear evolution using cyclostationary properties of

measured vibrations

The work presented in this chapter is devoted to achieving objective 1 of this research:
identification of gear wear mechanism and tracking wear evolution using
cyclostationary properties of measured vibrations. This chapter is a modified version
of the paper titled “Use of cyclostationary properties of vibration signals to identify gear
wear mechanisms and track wear evolution”, which was published in the journal of
Mechanical Systems and Signal Processing (150: 107258, 2021). The main content of
this chapter is identical to the above publication, while the structure has been arranged to

ensure the consistency of the thesis.

This chapter is organized as follows. In Section 4.1, a brief introduction to this study is
presented. Section 4.2 presents the relationship between tribological features and sliding
induced vibration characteristics and introduces the hypothesis for wear mechanism
identification. Section 4.3 presents the observations found in the experiments to validate

the proposed hypothesis. A new vibration-based procedure for gear wear mechanism
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identification and wear tracking is proposed and applied in Section 4.4. A summary is

given in Section 4.5.

4.1 Introduction

Fatigue pitting is a fatigue-induced material loss, after which the effective working tooth
profile (considered across the entire face width) often remains unchanged (unless pitting
is extremely severe). In general, fatigue pitting originates from a subsurface crack and
occurs initially at the dedendum of the gear tooth or near the pitch line, due to the
repetitive rolling-sliding contact and high contact stress [4, 109]. In contrast, abrasive
wear, usually caused by particle contamination or lack of lubrication [9], is the removal
of material (often across the entire face width) induced by sliding contact, and every piece
of material removed contributes to a change in the profile [19]. Fatigue pitting and
abrasive wear have different effects on the gear tooth surface and profile geometry.
Therefore, it is necessary to identify and monitor fatigue pitting and abrasive wear
separately for wear prediction, so that appropriate maintenance decisions can be made to

avoid catastrophic failures, unexpected economic losses and serious accidents.

Vibration analysis is an effective approach to monitor the health state of machines [10,
110-112], and it has been well established for detection and diagnosis of common gear
faults such as gear tooth root cracks [113-115], surface spalls [116-119] and tooth
breakage [120-123]. However, vibration-based techniques for wear analysis, including
wear mechanism identification and wear tracking, are rather rare. One reason for this is
that there is a coupling effect between gear wear and gear dynamic characteristics, which

produces complex gear dynamic characteristics/vibration features [21, 124], making it
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difficult to extract wear-related vibration features and develop specific vibration-based

indicator(s) for wear identification and monitoring.

From the literature review of Section 2.3, it can be found that most of the existing
vibration-based gear wear monitoring techniques were designed for detecting and
tracking gear tooth profile change (accumulated gear wear), which is usually caused by
abrasive wear. More specifically, the existing vibration-based techniques use gear
meshing harmonics or signal “power”, which is mainly based on the deterministic
components of vibration, to monitor the gear wear process in terms of tooth profile change.
Since fatigue pitting does not change the tooth profile noticeably (unless pitting is
extremely severe) [19], it has a negligible effect on the deterministic components of
vibration, which are closely related to gear macro-geometry, i.e., the tooth profile.
Therefore, these proposed techniques in processing deterministic components of vibration
have very limited ability to identify gear wear mechanisms and track fatigue pitting

severity.

In contrast, the random signal components induced by varying sliding motions and
contact forces contain useful information for gear wear mechanism identification and
wear severity tracking because they are closely related to gear surface morphology
characteristics [105, 106]. Furthermore, even though gear wear (fatigue pitting and
abrasive wear) is usually likely to be uniform around the gear, it is still random from tooth
to tooth. Therefore, studying the random signal components could bring benefits with
respect to gear wear mechanism identification and the development of wear severity
monitoring techniques. However, there is very limited research on the random signal
components modulated by gear mesh behaviours and on how these components might be

used to wear monitoring.
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In recently published research [14, 15], the relationship between gear surface roughness
and sliding induced random vibration was investigated. In the gear transmission system,
all gear operations involve some form of sliding contact between the mating gear surfaces,
and this sliding contact can produce random vibrations from the asperity contacts between
the gears, the nature of which is dependent on a number of factors, such as the speed and
load, the lubrication conditions and the micro-geometry of the surfaces. Therefore, the
sliding induced vibrations have random characteristics. With this as a basis, second-order
cyclostationarity was found in the sliding induced vibrations due to the time-varying
sliding velocity [125] and contact force on the gear tooth pairs in reference [15]. A
positive relationship between gear tooth surface roughness level and the degree of second-
order cyclostationarity (CS2) of vibration was found. However, the connection was found
by a later investigation [14] to be more complex, based on a wider range of roughness
values and a longer experimental duration. To date, insufficient conclusions could be
drawn in evaluating the cyclostationary features for vibration-based gear wear mechanism

identification and wear severity tracking.

Even though the cyclostationarity of vibration signals has been widely studied, most
published works have focused on signal modulation characteristics, using the ‘degree’ of
cyclostationarity (for example a measure of the level of amplitude modulation) to
correlate with fault severity [28, 126, 127], while studies on the spectral frequency of
cyclostationary vibration at gear mesh cyclic frequency are rare. In other words,
properties associated with the cyclic frequency a have been widely studied, while those
of the carrier (spectral) frequency f have not, despite both having clear physical
underpinnings. In Ref. [14], the authors used the mean carrier frequency to investigate
the impacts of speed on the vibration signals modulated at the gearmesh frequency.

Although a direct ratio between the mean carrier frequency and running speed was found,
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no further investigation was undertaken; for instance, the relationship between the carrier

frequency and gear surface morphology was not investigated.

Inspired by the achievements reported in Refs. [14, 15], this study aims to develop a
vibration-based approach for gear wear mechanism identification, and then to track wear
evolution with the help of a cyclostationary indicator, the combination of which was not
investigated previously. This work is based on the observation that sliding vibration
signals are strongly influenced by the surface features induced by different wear

mechanisms and also affected by modulation effects caused by sliding velocity.

4.2 Hypothesis and proposed vibration-based approach for gear wear

identification

In this section, the surface feature differences arising from fatigue pitting and abrasive
wear are introduced and summarised, followed by a brief description of micro-level gear
surface feature effects on sliding induced vibrations. A hypothesis for gear wear
mechanism identification will then be presented, after which a vibration-based wear

mechanism identification approach is presented.

4.2.1 Surface feature differences and their effects on sliding vibrations

As mentioned before, from a macro-scale point of view, abrasive wear tends to introduce
a change to the gear tooth profile, while fatigue pitting has negligible effects on the gear
tooth profile unless the fatigue pitting is extremely severe [19]. Both abrasive wear and
fatigue pitting change the micro-geometry of gear tooth surfaces, that is, the surface
morphologies in a micrometre scale, as demonstrated in Figure 4.1 (abrasive wear) and

Figure 4.2 (fatigue pitting). The images were obtained using a moulding procedure
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outlined in Ref. [128]. Abrasive wear causes scratches or gouges on the tooth surface that
are oriented in the direction of sliding. As a result, the worn, rough surfaces have micro-
scaled morphological features in short wavelengths and high spatial frequencies [23],
while profile changes are long wavelengths. Fatigue pitting will instead introduce large
valleys on the gear tooth surface, which contain longer wavelengths and lower spatial
frequencies [20] in comparison with surface roughness changes associated with the
abrasive wear process. These surface feature differences can help in separating fatigue

pitting and abrasive wear.

(a) New surface

Tooth tip

(b) Abrasive wear

,

Figure 4.1 Changes to gear surface morphologies in abrasive wear process and in the micro-scale: (a) a
new surface; (b) a worn surface subjected to abrasive wear

(a) New surface

(b) Fatigue pitting

Toothroot £éi T A At o q > - Toothtip

Figure 4.2 Changes to gear surface morphologies in a fatigue pitting process and the micro-scale: (a) a
new surface; (b) a pitted surface
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For gear systems, the surfaces of contacting gear teeth are subject to combined rolling
and sliding action as the gears rotate. Since rolling resistance is considerably smaller than
the sliding resistance [129], usually, its contribution to the total tooth friction is ignored,
and only the sliding induced friction is considered. During the gear meshing process, the
sliding induced tooth friction will result in the generation of vibration, which is a random
signal and is closely related to the gear surface morphology [106]. Even though the sliding
induced vibration might have very low energy compared with the vibration induced by
macro-geometric effects (such as tooth profile change) of gears, it contains rich
information about the surface morphology. It has been proposed that the surface
morphology information can be detected and extracted through cyclostationary tools as
demonstrated in Ref. [15]. Therefore, the use of cyclostationary properties of sliding
induced vibration should be able to identify different wear mechanisms and then track
their evolution. In the following sections, this possibility will be further explored and

investigated.

4.2.2  Hypothesis for wear mechanism identification

The sliding induced vibration from the asperity contacts between two mating gears is
closely related to the surface morphology. Different surface morphologies will result in
different frequency components of sliding induced vibration. The relationship between
the spatial frequency of the surface morphology and the frequency of sliding vibration

can be assumed to follow the relationship

fo < Vs fs (4.1)

where f,, (Hz) is the dominant sliding induced vibration frequency, v; (m/s) is the sliding

velocity of the mating gear surface and f; (1/m) is the dominant spatial frequency of the
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roughness of the mating surfaces. Despite the presence of multiple phenomena (e.g., the
dependency of power on load, transfer function effects), it is at least expected that, even
if not quantitatively following this relationship, the frequency range characterising
vibration due to sliding will grow with sliding velocity and spatial frequency of the
roughness of the mating surfaces. The sliding velocity v is determined by the gear
kinematics and remains virtually unchanged under mild/medium wear (micro-level).
Surfaces modified in an abrasive wear process or fatigue pitting process have different
spatial frequencies, as shown in Figure 4.3 and Figure 4.4 respectively. This is expected
to affect the spectral content (carrier frequency band) of the resulting gearmesh-cyclic

CS2 components. Based on the above assumptions, we expect that:

1) sliding of fatigue pitted surfaces, exhibiting low spatial frequency, should
generate gearmesh-cyclic CS2 components with low spectral frequencies (Figure

4.3), and

2) sliding of worn surfaces subject to abrasion, characterised by surface
morphologies with high spatial frequency, should result in gearmesh-cyclic CS2

components with high spectral frequencies (Figure 4.4).

It should be noted that in the above discussion, Eq. (4.1) and Figure 4.3 and Figure 4.4
are used to describe the manner of excitation, and that the measured response would be
shaped by a system transfer function, and so the observed dominant carrier frequencies
in the CS content of the measured signal would also depend on system resonances, as
well as the cyclostationary tool used for their detection. While the theoretical excitation
frequency (band) would be directly proportional to speed and surface spatial frequency,
the observed vibration carrier frequency (band) is likely to appear to move discretely

between dominant resonances. The fact that system resonances are generally not of
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uniform strength further complicates this phenomenon. To mitigate this issue,
“normalised” cyclostationary tools such as cyclic-coherence [130] can be chosen to

investigate the spectral content of the signals.

Based on this physical intuition, analysing the relative carrier frequency range of sliding
induced vibrations is a promising approach for identifying fatigue pitting and abrasive

wear. This hypothesis will be validated using experimental data in Section 4.3.
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Figure 4.3 The fatigue pitting induced sliding vibration characteristics
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Figure 4.4 The abrasive wear induced sliding vibration characteristics
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4.2.3  Proposed vibration-based approach for wear mechanism identification

To summarise the previous discussion, it is expected that (i) the CS2 vibration
components with gearmesh cyclic frequency are symptomatic of changes in tooth surface
morphology; and, (ii) the dominant spectral (carrier) frequency f of those CS2
components can be used to determine the key wavelengths of surface alterations and

therefore the dominant wear mechanism.
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Figure 4.5 Diagram of vibration-based gear wear mechanism identification approach

With these hypotheses, a vibration-based approach for gear wear mechanism

identification is illustrated in Figure 4.5. In the vibration signal, only the random
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components with second-order cyclostationarity (CS2), with a cyclic frequency
corresponding to a particular gearmesh, are considered for gear wear (fatigue pitting and
abrasive wear) identification. The deterministic ones are expected to be instead correlated
to macroscopic profile changes (more severe wear effects). The proposed vibration-based

wear identification approach is validated using experimental data in the following section.

It must be noted that the scope of this work has been restricted to micro-surface alteration
and therefore to the random components of vibration, but future developments could then
combine this information with that extracted from the deterministic component for a full

picture of the tooth degradation.

4.3 Observations in gear systems

4.3.1 Tribological features used to describe fatigue pitting and abrasive wear

propagation

It was observed through visual inspection that wear (fatigue pitting and abrasive wear)
occurred quite uniformly on the gears and that the pinion was worn much more severely
than the driven (big) gear due to the gear ratio. An optical microscope with a 5x
magnification objective lens was used to capture 2D images of the gear moulds to monitor
the wear progress qualitatively. A laser scanning confocal microscope (LSCM) was used
to capture 3D images of the gear moulds for quantitative analysis. The captured 3D
images contain the height and spatial information of the gear tooth surfaces for numerical

characterisations of changes in the surface morphologies during the wear processes.

For fatigue pitting, initially, both the number and size of the pits increase, until the pitting

becomes quite severe, at which point nearby pits tend to join and the actual number of
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pits may decrease. Thus the most robust indicator to describe pitting severity is probably
the pitted area, and in Section 4.4 this is used to assess the performance of the proposed

technique in monitoring pitting propagation.

For abrasive wear, a high wear rate often results in a surface deviation from a perfect
involute (macroscopic profile change). Meanwhile, at the micro-level, the gear tooth
surfaces tend to become rougher when abrasive wear propagates (very short wavelength)
[131]. Surface roughness S,, the arithmetic average of absolute values of surface
deviation from the mean surface level, is often used to characterise the surface change in
the micro-meter level. In this work, surface roughness S, is applied as the tribological
reference to help check the capability of the vibration-based indicators/techniques in
monitoring the abrasive wear induced micro-surface feature change, which will be

introduced in Section 4.4.

4.3.2 Theory of vibration-based wear mechanism identification techniques

In this section, the hypothesis and proposed approach in Sections 4.2.2 and 4.2.3 for wear

mechanism identification are introduced in detail.

To obtain the sliding induced vibrations, the deterministic/random signal separation
technique, time synchronous averaging (TSA) or discrete/random separation (DRS) [132-
136] is applied to remove the deterministic components of the vibrations. The remainder
is referred to as the residual signal. Spectral coherence, defined in reference [130], is
employed to qualitatively explore the spectral frequency distribution of sliding induced
vibration at gear mesh cyclic frequency, and to compute what will be referred to as “mean
carrier frequency” (i.e., the first moment of the spectral-coherence along the spectral

frequency axis). The definition of spectral coherence is
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_ Se(a, f)
V(@D = V50,5, (0, f — @) *+2)

where S, (@, f) represents the ordinary power spectral density at frequency f. Le., the CS
content at frequency f is normalised by the power at frequencies f and f-a in the

stationary part of the signal.

Even though the deterministic components of vibrations are removed using TSA, in the
residual signal, the sliding induced vibration is still mixed with the background noise,
which brings difficulties in extracting surface morphology related information for wear

mechanism identification and wear severity tracking.

CS2 signals have a close relationship with surface morphology [14, 15, 137, 138]. The
general hypothesis is that when the surface roughness increases due to the occurrence of
fatigue pitting or abrasive wear, the friction between the mating gear surfaces will
increase, resulting in a stronger sliding induced vibration, while the gear mesh modulation
pattern remains unchanged. Therefore, it is hypothesised that the second-order
cyclostationarity of the sliding induced vibration will increase correspondingly, as

qualitatively depicted in Figure 4.6.

Healthy condition
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Time
Surface roughness increase

After extensive use
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Figure 4.6 Diagram to illustrate the hypothesis: increase in second-order cyclostationarity due to an
increase in surface roughness (induced by fatigue pitting or abrasive wear)
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ICS2 [37, 139], an indicator to measure the degree of second-order cyclostationarity, can
be used to assess the phenomenon illustrated in Figure 4.6, relative to stationary

background noise. The definition of ICS2 is

2
. Yh=1H rrlrelf}gfl(SES[H] )

ApH _
ICS2 = SES[0]2 (4.3)

where A}, with h = 1 is a set of cyclic frequencies of interest (with a tolerance band in
the case of expected cyclic frequency deviations), and A, (h = 2, ..., H) represents the
equivalent sets for the corresponding harmonics. H indicates the maximum gear mesh
harmonics to be taken into consideration. In the case of gears, to monitor gear wear
progression, A, is set as the gear mesh frequency with 3 times the cyclic resolution as
the tolerance band. SES is the squared envelope (amplitude) spectrum [110]. Note that
the background noise is a stationary signal because any signal value (event) is equally
probable to happen given any other signal value (another event) at any two time instances

no matter how far apart they are.

With the use of a 1/3 -binary tree filter bank (or other similar decomposition
representation) [140], ICS2 can be used to select one band with maximum
cyclostationarity, in which the influences of background noise become less significant

and the vibration characteristics related to surface morphology are enhanced [139].

Based on the hypothesis in Section 4.2.2, the ICS2-based frequency band selection results
will be different for fatigue pitting and abrasive wear, and can be used to separate them.
Further, because background noise is minimised in the selected frequency band, the ICS2
level within the selected band should have better performance in tracking the evolution
of fatigue pitting/abrasive wear severity compared with the full-band ICS2 level. The

effectiveness of ICS2-based wear mechanism identification and wear monitoring is
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validated in Section 4.3.3 and Section 4.4, respectively, using experimental data measured

from gear systems.

4.3.3 Observation results

In this section, the observation results in gear systems using the above-mentioned
techniques, spectral coherence map and ICS2-based band selection, are presented to
validate the hypothesis for wear mechanism identification proposed in Section 4.2 and

Section 4.3.2.

Observation results of the lubricated test

(a)

Spectral Coherence

Spectral Frequency (kHz)

(b)

Cycles (in million)
Spectral coherence

0 10 20 30 40 50
Spectral Frequency (kHz)

Figure 4.7 Lubricated test: (a) Carrier frequency distribution at gear mesh (cyclic) frequency; (b) Top
view
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Figure 4.7 shows the distribution in the spectral coherence of the gearmesh-cyclic CS2
component (cyclic frequency) for the lubricated test at 10 Hz, in which fatigue pitting is
the dominant wear mechanism. The spectral coherence software developed in Ref. [141]
was used for this analysis. From Figure 4.7, it can be found that the carrier frequency
distribution is quite different before and after 0.23 million wear cycles. Before this point,
the spectral coherence is highest for carrier frequencies around 30-50 kHz, this being
interpreted as being caused by the initial rough surface prepared using sandpaper, which
exhibits high spatial frequency content. The initial high carrier frequency with high
spectral coherence, therefore, supports the hypothesis of Section 4.2.2 that the gearmesh-
modulated CS2 carrier frequency range is closely connected with the spatial frequency of

the gear tooth surfaces.

After the run-in period (i.e., after the 0.23 million cycles), the roughening marks were
worn away, and fatigue pitting started propagating. During this process, the dominant
carrier frequency band jumps to the low-frequency range, below 15 kHz. This
phenomenon matches with the hypothesis (in Section 4.2.2) that sliding surfaces with low
spatial frequency content, such as from fatigue pitting, will induce CS2 vibrations with
lower carrier frequencies. Note that the distinctive vertical parallel bands shown in Figure
4.7 are indicating the resonances of the gear system. This phenomenon will be further

explained with the spectral coherence maps under different rotational speeds.

The ICS2-based selection results at 10 Hz are demonstrated in Figure 4.8. Similar to
Figure 4.7, before 0.23 million cycles, a high carrier frequency range is selected. After
0.23 million cycles, the selected frequency band jumps to the low-frequency range. This
again supports the hypothesis connecting surface spatial frequency and CS2 carrier
frequency, suggesting strong potential for differentiating between abrasive wear and

fatigue pitting. Note that there is an abrupt change in [2.30~3.00] million cycles. During
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this period, there is a decrease in the total pitted area, which has been described in Ref.
[128]. The cause of decreased pitted area might be that the generation of new pits achieves
balance with the filling-in of existing cavities, perhaps from wear debris pressed into the
cavities under the meshing load [142]. Thus, during this period, the excitation has
changed, and so a different resonance(s) becomes dominant in the response. The ICS2
based band selection results are affected, resulting in the occurrence of abrupt changes.
After this ‘abnormal’ period, the ICS2 based band selection shift back to the low
frequency again, still indicating a low spatial frequency of pits. To help the reader obtain
an intuitive understanding of this phenomenon, the gradual fatigue pitting propagation

process is demonstrated in Figure 4.9.
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Figure 4.8 Lubricated test: ICS2-based band selection results
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Figure 4.9 Figure pitting evolution on the dedendum of pinion tooth [128]

To validate the fatigue pitting related carrier frequency range, power spectral density
(PSD) analysis [143-145] was applied on the scanned images (see Figure 4.10) to find the
spatial frequency affected by fatigue pitting initiation and propagation. Note that even
though the images in Figure 4.10 were captured at the same location of the same tooth,
some features disappear due to new pits filling in existing cavities, resulting in some
dissimilarities and a non-monotonic trend in the overall pitted area; however, the spatial
frequencies it represents during fatigue pitting propagation are still reliable. The PSD
function provides a representation of the density of the squared amplitude (height from a

fixed reference) of a surface’s morphology as a function of the spatial frequency of the

1

morphology (units pm? / e um3). Spatial frequency is the inverse of the wavelength

of the morphology features. The PSD analysis results are depicted in Figure 4.11, which
shows that the spatial frequency range affected by fatigue pitting is [0.0012~0.0146]
(1/um). The sliding velocity (absolute value) range is [0~0.4461] (m/s) according to the
dynamic model used in Ref. [124]. Based on Eq. (4.1), taking the central value of this
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sliding velocity range, the fatigue pitting related vibration frequency range is expected to
be around [0.27~3.27] kHz. The upper part of this range matches very closely the results
shown in Figure 4.7 and Figure 4.8. The hypothesis for fatigue pitting from Section 4.2.2
— that fatigue pitting induces CS2 signals with low carrier frequencies — is therefore at
least qualitatively supported by the lubricated test results. It is important to note that Eq.
(4.1) is expected to be only qualitatively matching with the results, given the effect of
transfer functions and background-noise distribution which could bias the choice of the

ICS2 indicator, for instance towards an area where background noise is lower.

Toothtip

Toothroot

<4+— Sliding direction ——»

0.23 million cycles ~ 0.32 million cycles 1.31 million cycles  2.30million cycles  3.25 million cycles

—
Fatigue pitting propagates

Figure 4.10 3D images of fatigue pitting propagation in the lubricated test
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Figure 4.11 PSD analysis results of the scanned images of the lubricated test in Figure 4.10
In the above discussion, the relationship between the carrier frequency of the vibration
and spatial frequency of the gear surface has been investigated and the hypothesis
supported. In the following, the sliding velocity effects on the carrier frequency are

investigated.

Figure 4.12 shows the spectral coherence maps for different speeds: 10, 16 and 20 Hz.
Next, a mean carrier frequency at gear mesh cyclic frequency was calculated for different
speeds (Figure 4.13) over two frequency ranges. The mean carrier frequency was obtained
based on the distribution of the spectral coherence along the spectral axis, for the cyclic
component at gearmesh frequency. Figure 4.13(a) is averaged over the range 0-30 kHz,
and Figure 4.13(b) over the range 0-50 kHz. Even though Figure 4.12 shows that the
dominant CS2 part (with highest spectral coherence) is below 30 kHz at all speeds, the

range of 0-50 kHz was included for unbiased comparison with the results, shown later,
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for dry wear (Figure 4.14). Figure 4.12 and Figure 4.13 show that an increase in sliding
velocity (induced by increasing rotating speed) basically leads to an increase in mean
carrier frequency, in accordance with Eq. (4.1). The fact that the calculated mean carrier
frequency does not match with the raw product of the quantities on the right-hand side of
Eq. (4.1) can be explained. It is largely due to background noise (most evident in the
difference between Figure 4.13(a) and (b), with the uniform noise above 30 kHz giving a
bias to a higher mean frequency in particular for the 10 Hz result), and the use of spectral
coherence rather than actual spectral power. The choice of spectral coherence, itself a
measure of cyclostationarity, will bias the position of the dependent mean carrier
frequency, but it was necessary to amplify the fairly weak CS2 content, in particular near
modulated resonances, where the signal/noise ratio is higher, yet still limit the strong
effects of resonances. Despite this limitation, the fixed resonances are clearly evident in
Figure 4.12 at the different speeds, and rather than the mean frequency directly obeying
Eq. (4.1), as for the expected excitation band, which would move gradually (on a
continuum) depending on speed and spatial frequency, the dominant carrier frequency in
the response would tend to move discretely between dominant bands. Nonetheless, the
qualitative effect of sliding velocity on the vibration carrier frequency is clearly seen to

be supported.

81



Input speed: 10 Hz Input speed: 16 Hz

(a) 35 07 (b) 35 0.7
3 0.6
<25 0.5
S
€ 2 0.4
=
E 15 0.3
[&]
>
o 1 0.2

o
o

01

o

0

10 20 30 40 50 0 10 20 30 40 50
Spectral Frequency (kHz) Spectral Frequency (kHz)
Input speed: 20 Hz

(C) 35 07
0.6
: 0.5
: 0.4
a1 0.3
0.2
: 0.1
0

Spectral Frequency (kHz

Cycles (in million)
2 B ow b e

(=]
[9)]

Figure 4.12 Carrier frequency distribution at gear mesh (cyclic) frequency at different speeds (top views)
of lubricated test: (a) input speed: 10 Hz; (b) input speed: 16 Hz; (c¢) input speed: 20 Hz

When ICS2-based band selection results, as in Figure 4.8, were compared for the three
different speeds, despite them all indicating carrier frequencies within the range up to 20
kHz (as indicated in Figure 4.12, at least after the initial run-in period), the variation with
speed was not monotonic, but this can also be explained. The ICS2 value is much more
sensitive to resonances than the spectral coherence, and is also a sum over a number of
harmonics of gearmesh frequency (rather than just the first as for Figure 4.12). It is quite
possible that at low speed a high harmonic of the gearmesh frequency will be greatly
amplified by a high-frequency resonance and bias the effective carrier frequency. The
ICS2 parameters are more directly affected by the amount of modulation, and are used

later (Section 4.4) as indicators of the severity of wear.
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Figure 4.13 Mean carrier frequency with different rotating speeds of lubricated test: (a) frequency range:
0-30 kHz; (b) frequency range: 0-50 kHz

Observation results of dry test

Again, spectral coherence analysis is applied to the dry test to investigate the carrier
frequency distribution with abrasive wear. The carrier frequency distribution (in terms of
spectral coherence) at the gear mesh (cyclic frequency) for the dry test records is

illustrated in Figure 4.14.
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Figure 4.14 Dry test: (a) Carrier frequency distribution at gear mesh (cyclic) frequency; (b) Top view
Unlike fatigue pitting, the abrasive wear propagation results in an increasing spectral
coherence of the high carrier frequency part. It suggests that abrasion, and the
corresponding high spatial frequency surfaces, generate higher carrier frequencies. This
phenomenon is also proved by the ICS2-based band selection in Figure 4.15. Note that
the initial surfaces were smooth for this test, and hence a low carrier frequency was

induced initially (unlike with the lubricated test). To verify the abrasive wear-related
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carrier frequency range, PSD analysis was applied on the scanned images (see Figure
4.16). Figure 4.17 shows the PSD analysis results, from which it can be found that the
spatial frequency range affected by abrasive wear is [0.0283~0.0946] (1/um). The sliding
velocity (absolute value) range is around [0~0.4461] (m/s). Based on the right-hand side
of Eq. (4.1), taking the average sliding velocity, the abrasive wear-related vibration
frequency should be [6.31~21.10] kHz. It is in the high-frequency range. Figure 4.14 and
Figure 4.15 show that the spectral coherence of the high carrier frequency part increases
with an increase in abrasive wear, giving strong support to this hypothesis made in Section

4.2.2.
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Figure 4.15 Dry test: ICS2-based band selection result
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Figure 4.16 3D images of abrasive wear propagation in the dry test

An important comment must be added regarding the different lubrication conditions of
the two tests. These could have also affected the frequency range of the CS2 content, and
future tests will be required to analyse the extent of this bias. However, the fact that the
initial (healthy) cases for both dry and lubricated tests showed an opposite trend vs the
corresponding worn cases is an initial indication that the bias is not likely to compromise
the procedure. In fact, dry tests with smooth surfaces resulted in low-frequency vibrations
like the worn lubricated cases and the initial lubricated tests (with the artificially
roughened surface) were comparable to worn dry tests. Albeit based on a low number of
observations, this supports the hypothesis that the wavelength of surface roughness has a
strong impact on the vibration spectral support, and that this effect seems fairly consistent

with different lubrication conditions.
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Figure 4.17 PSD analysis results of the 3D images shown in Figure 4.16

4.4 A new vibration-based procedure for comprehensive gear wear

monitoring: mechanism identification and severity tracking

In Section 4.3, the hypothesis for fatigue pitting and abrasive wear identification was
supported by the analysis of the spectral frequency distribution in the spectral coherence
map and the ICS2-based band selection results. However, even though fatigue pitting and
abrasive wear can be identified by observing the spectral coherence map and ICS2-based
band selection results, the wear evolution (fatigue pitting and abrasive wear) cannot be
monitored. A vibration-based approach/indicator is therefore still needed, which can
distinguish the two wear mechanisms and track their evolution. In the following, a new
vibration-based procedure for comprehensive gear wear monitoring is introduced and

presented.

The ability of ICS2 to monitor fatigue pitting and abrasive wear propagation is likely to
be improved in the selected frequency band, which enhances CS2 content over
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background noise. Therefore, an ICS2-based approach can help to comprehensively
monitor gear wear progression: wear mechanism identification and wear severity tracking.
The basic procedure of the proposed vibration-based approach for comprehensive gear

wear monitoring is illustrated in Figure 4.18.
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Figure 4.18 Proposed guideline of vibration-based comprehensive gear wear monitoring

In the following, the performance of this developed procedure for gear wear monitoring
i1s demonstrated step by step, using the experimental data from the designed lubricated

and dry tests.
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Figure 4.19 Performance of ICS2 in wear severity tracking

Firstly, ICS2-based band selection for identifying fatigue pitting ([2~13] kHz) and
abrasive wear ([20~37] kHz) was illustrated in Figure 4.8 and Figure 4.15, and shows that
fatigue pitting induces low carrier frequencies, and abrasive wear induces high carrier
frequencies. Figure 4.19 shows that the ICS2 band selection results can assist the
vibration-based wear mechanism identification and wear monitoring, by tracking the
evolution of fatigue pitting and abrasive wear (at the micro-level), with a low-frequency
range (2~13 kHz) and high-frequency range (20~37 kHz) indicators, respectively. From
the comparison of Figure 4.19 (a) and (b), it can be found that only the ICS2 with low-
frequency carrier tracks fatigue pitting propagation (in terms of pitted area). In contrast,
in Figure 4.19 (c) and (d), only the ICS2 with a high-frequency carrier tracks the change

in abrasive wear micro-scale features (in terms of surface roughness). Therefore, with an
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approximate frequency band (suggested by the ICS2-based band selection result), ICS2
can track wear severity for fatigue pitting and abrasive wear (at the micro-scale).
Meanwhile, the performance of ICS2 in the low- and high-frequency ranges can also
suggest different wear mechanisms. If ICS2 has a monotonic trend in the low-frequency
range, but not in the high-frequency range, it indicates fatigue pitting propagation, while
a monotonic trend in the high-frequency range, but not in the low-frequency range,

suggests abrasive wear propagation.

To quantify the performance of ICS2 in the low-frequency range in fatigue pitting severity
tracking, the pitted area was used as a reference to perform correlation analysis.
Correlation analysis was also applied comparatively on a number of other classical
vibration indicators, such as RMS and kurtosis, to demonstrate the performance of band

selected ICS2 to monitor fatigue pitting progression, see Figure 4.20.

Figure 4.21 shows that the ICS2 of vibration with the low-frequency carrier has a high
correlation coefficient with the total pitted area, this being 0.9085, and can thus track the
severity of fatigue pitting. The correlation analysis results for other classical indicators
are summarised in Table 4.1. These show that ICS2 of vibration in the low-frequency
range has the best performance in tracking the fatigue pitting propagation. Although the
RMS value of the raw vibration signal also has a high correlation with the total pitted area,
it mainly indicates the energy change of deterministic components of vibration, which
have less physical relevance with fatigue pitting propagation (induced micro-level surface
feature change). Notably, the amplitude of the 1% gear mesh harmonics of vibration has a
low correlation coefficient with fatigue pitting propagation, supporting the earlier point
that fatigue pitting has negligible effects on the gear tooth profile, and so this indicator
should not have the ability to track fatigue pitting propagation. It should be pointed out

that the sidebands were used in some references [13, 22, 33] to indicate damage, but they
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can only pick up non-uniform effects and are not useful for the more typical uniform wear

case studied here. From the comparisons, ICS2 in the low-frequency range has the best

performance in tracking fatigue pitting severity.
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Figure 4.20 Classical indicators performance in the lubricated test: (a) RMS of raw signal; (b) kurtosis of
raw signal; (¢) RMS of residual signal; (d) kurtosis of residual signal; () 1% gear mesh frequency

91



0.55 T T T

O R?=0.9085

05 linear %_

0.45

0.4

ICS2

0.35

0.3

0.25

0.2 1 1 1 ! 1

Pitted area (mm2)

Figure 4.21 Lubricated test: correlation between ICS2 and pitted area

Table 4.1 Correlation analysis results of vibration indicators with tribological parameter for the lubricated

test
Indicators Correlation with pitted area:
RZ
ICS2 (high frequency range) 0.0215
ICS2 (low frequency range) 0.9085
RMS (raw signal) 0.8146
Kurtosis (raw signal) 0.1237
RMS (residual signal) 0.6984
Kurtosis (residual signal) 0.6718
1% gear mesh frequency amplitude 0.2476

Similarly, surface roughness S, was used as the tribological parameter to assess the
effectiveness of ICS2 with the high-frequency carrier in monitoring abrasive wear
propagation (at the micro-scale), as shown in Figure 4.22. The high correlation coefficient

0f 0.9086 shows that it can track this wear indicator very well. Note that compared with

92



existing studies [14, 15], restricting the spectral band of the ICS2 to the high-frequency
range, instead of the full frequency band, makes ICS2 a much better index to track surface

roughness changes.
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Figure 4.22 Dry test: correlation between ICS2 and surface roughness

Compared with other classical indicators (in Figure 4.23), ICS2 also has the best
performance in monitoring the abrasive wear induced micro-level surface feature changes,
as shown in Table 4.2. Even though the RMS value of the raw signal has a low correlation
with the surface roughness, it should have a strong relationship with tooth profile changes
induced by abrasive wear, which is tested in Figure 4.24. However, even though Figure
4.24 shows that the RMS value has a high correlation (R? = 0.9816) with the wear depth
before 0.045 million cycles, it deviates widely after that. In the light of the findings of
Ref. [104], it seems that the vibrations only respond to deviations of the tooth profile
around the mean wear, and measurement of "absolute TE" is required to determine the

overall wear depth. This will be tested in future work, but the total wear in this test was

93



extreme, and that corresponding to 0.045 million cycles here would often be considered

as being at the limit.
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Table 4.2 Correlation analysis results of vibration indicators with the surface roughness of the dry test

Indicators Correlation with surface roughness: R?
ICS2 (high frequency range) 0.9086
ICS2 (low frequency range) 0.0240
RMS of the raw signal 0.5590
Kurtosis of the raw signal 0.2313
RMS of the residual signal 0.4895
Kurtosis of the residual signal 0.2611
1% gear mesh frequency amplitude 0.0661
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Figure 4.24 Performance of RMS of raw signal in tracking wear depth change (obtained from wear
particle)
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4.5 Summary

With consideration of the underlying physics of the gear meshing process and the unique
surface features induced by fatigue pitting and abrasive wear, this chapter has investigated
vibration-based methods to identify these two wear mechanisms and then track their
evolution. This development is based on the cyclostationary analysis technique, which is
applied for the first time to analyse wear-related low energy phenomena (friction, asperity
contacts) in vibration signals. Differently from existing studies for wear mechanism
identification (such as analysing wear particles or images captured from gear tooth
surface), the proposed approach can be done online, making it more efficient than wear
debris analysis techniques. In the proposed method, an indicator of second-order
cyclostationarity of the vibration signal, ICS2, is calculated for low and high carrier
spectral frequencies, and then used to separate fatigue pitting and abrasive wear.
Moreover, the use of specific spectral bands for the calculation of the ICS2 increases the
indicator’s capability to track the evolution of fatigue pitting and abrasive wear (micro-
level). As discussed in Section 4.1, none of the existing vibration-based gear wear
monitoring research involved two wear mechanism/phenomena identification and
monitoring. The ICS2-based wear monitoring result can offer useful information for the
monitoring and prognostics of gear systems. Experimental data support the effectiveness

of the proposed vibration-based method.

However, it should be noted that the spectral frequency distribution of measured vibration
can be affected by lots of factors such as load, speed, especially lubrication. Therefore,
further work on investigating the effects of operational conditions on spectral frequency

distribution should be taken into consideration.
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Chapter 5 Dynamic model development

The work presented in this chapter is devoted to achieving objective 2 of this research:
dynamic model development. This work has been presented in a paper titled “Vibration-
based updating of wear prediction for spur gears”, which was published in the journal of
Wear (426-427: 1410-1415, 2019). Compared with this publication, more details on the

model establishment and model validation are included in this chapter.

This chapter is organized as follows. In Section 5.1, a brief introduction to this study is
given. Section 5.2 presents the dynamic model structure. After that, procedures of model
validation and calibration are introduced in Section 5.3. A summary is given in Section

5.4.

5.1 Introduction

The dynamic model, developed with the key dynamic properties including gear meshing
stiffness, transmission error, damping, can simulate and represent gear system responses
under different failure modes and severities. Its time and cost-efficiency can bring

significant benefits to gear wear analysis. As an output of the dynamic model, the
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dynamic contact force is a very important parameter and a crucial input to the
tribological/wear model for wear analysis. Therefore, modelling the contact force is vital

for analysing gear wear characteristics and further predicting its propagation.

From the literature review of Section 2.4.1, various approaches, such as the finite element
model (FEM) [146-148] and empirical equations [48-53], have been developed/applied
to estimate contact force, which is used as an input into tribological (wear) models.
However, there is a common drawback existing in both FEM (without extra efforts in
defining boundary conditions and mesh generations) and empirical equations, that is, only
the contact force under quasi-static conditions can be produced and represented. However,
in engineering practices, the gear transmission system is usually operated under dynamic
operating conditions, and the corresponding responses are quite different from those
under quasi-static conditions. Normally, owning to the inertia effects, the dynamic
meshing forces are typically larger than the corresponding quasi-static forces and their
magnitudes and waveforms are quite different [21]. Therefore, to guarantee reliable wear
analysis and prediction through tribological (wear) models, the dynamic contact force
with inertia effects should be properly evaluated, thus a 21-degree-of-freedom (DOF)
dynamic model is established in this research based on the University of New South
Wales (UNSW) gearbox test bench. To guarantee the outputs (such as dynamic contact
forces and vibrations) from the dynamic model are close enough to the measurements
from the experimental rig, the developed dynamic model has been validated and
calibrated through a series of tests, including impact tests, speed ramp tests and several
constant speed tests. The development of this comprehensive dynamic model will be
introduced with details in the following. It should be pointed out that the 21 degree-of-
freedoms (DOFs) lumped parameter dynamic model developed in this project is based on

the fixed-axis spur gearbox test rig shown in Figure 3.2, whose structure and properties
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are different from the previously published research [18, 41, 107]. Also, as introduced in
Chapter 3, the developed dynamic model will be integrated with tribological models that
can be updated according to vibrations to predict gear wear propagation. This overall
integration architecture is the main novelty of this thesis work, instead of the dynamic

model development itself.

5.2 Dynamic model structure

The layout of the UNSW spur gearbox test rig and each labelled modelling component
(such as coupling, motor and brake) are shown in Figure 5.1. The major parameters that
are included in the dynamic model are summarised in Table 5.1. A 21 DOFs lumped
parameter dynamic model is developed based on the spur gearbox test rig (shown in

Figure 5.1), whose skeleton is shown in Figure 5.2.

Table 5.1 Basic parameters of the spur gearbox test rig

Parameters Pinion Gear
Gear type Standard involute
Modulus of elasticity, E (GPa) 205
Poisson’s ratio, v 0.29
Face width, W (mm) 20
Module, m 2
Pressure angle, ¢ (deg) 20
Addendum (mm) 1.00
Dedendum (mm) 1.25
Number of teeth 19 20
Pitch radius, r (mm) 19 20
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Coupling 4 Encoder  Gears Coupling 5 Encoder Motor

Figure 5.1 Spur gearbox test rig with each labelled modelling component

Pz

Figure 5.2 21 DOFs lumped dynamic model of UNSW test rig

There is a total of 21 DOFs of this dynamic model, including 9 torsional DOFs and 12
translations DOFs. The mass, stiffness, damping and inertia parameter information of this
developed dynamic model are summarized in Table 5.2 and Table 5.3. The basic motion

equations describing the coupled torsional and translational model are described as
MX+Cx+Kx=f (5.1)
where

X= [91» 62' 93: 95' 97) 98' 010: 012: 913! Y4, Y5, Y6: Y9, Y10 V11» X4, X5, X6, X9, X10, xll]T(S-z)
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represents the translational (x;, y;) and angular displacements 6; of the different nodes of
the system in the plane perpendicular to the shaft axes, and C, K and f are the
corresponding damping, stiffness and force matrixes. The absence of bearing torsional
DOFs (8,, 8¢, 84, 811) is due to the absence of torsional stiffness at the bearings, whereas
the missing translational displacement DOFs (all the nodes outside the gearbox) is a result
of the low bending stiffness of the joints, effectively isolating the linear displacements of

the gearbox.

The force vector f includes the input and output torques Ty, and Ty provided by the
motor and brake (on 8; and 6,3, respectively), and the contact forces between the two
gears, modelled as Fy and F. (elastic and viscous components). These are simulated by
combining a gear meshing stiffness k,, , damping coefficient c,, and geometric
transmission error (GTE) e;:

Fx = km(Rp165 — Rp2619 — Y5€05Q + Y10C0S@ + x55ing — xq1o5ing +e;) (5.3)

F. = Cm(Rblés — Rp2610 — Ys€0SQ + y10C0SQ + X55ing — xi,Sing + e't) (5.4)
where Ry, and Ry, are the basic radius of pinion and gear, and ¢ is the contact pressure

angle.

The contact force is applied at nodes 5 and 10, considering the radius of the two gears
and the contact angle
f = [Tmor: O’O’ _Rbl(Fk + F'C)I 0101 RbZ(Fk + P'C)' OlOlOl COS(P(Fk + Pvc); 0;0;
—cos@(F, + F.),0,0, —sing(F, + F.),0,0,sinp(F, + F.),0]" (5.5).

The whole torsional and translation motion equations are given as follows

Torsional DOFs:
L6; = Tror — ke12(61 — 6;) — Ct12(é1 - 92) (5.6-a)
1,6, = ke1,(6; — 6,) + Ct12(91 - 92) — ki23(60; — 63) — Ct23(92 - 93) (5.6-b)
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139"3 = ki23(8, — 03) + Ctzs(gz - 93) — k¢35(03 — 65) — Ct35(93 - 95) (5.6-0)

Is05 = ky35(63 — 65) + Ctss(gs - 95) + k¢s;(6;, — 65) + Ct57(97 - t9.5)

—Rp1(Fi + F) (5.6-d)
1,07 = kis7 (85 — 6,) + Cys7(6s5 — 67) (5.6-e)
Ig0g = kg10(610 — Og) + Ct810(9.10 - 98) (5.6-f)

10610 = Rpz (Fi + F)—k102(810 — 612) — Ct102(9i0 - 6’:'12) + kig10(0g — 610)

+Ct810(98 - Hio) (5.6-g)

112912 = kt102 (610 - 912) + Ct102 (910 - 912) - kt123(912 - 913) - Ct123(92‘12 - 913)

(5.6-h)
L3615 = ke123(012 — 013) + Ceazs (Hiz - 913) — Thrk (5.6-1)
Translational DOFs:
MyYy + kysys + CyaYa + kyas(Va — ¥s) + Cpas(Ya — ¥s) = 0 (5.7-a)

MsYs + Kkyse (Vs — Ve) + Cys6 (Vs — Vo) + kyas (Vs — Va) + Cpas (Vs — yu) = (F +

F.)coso (5.7-b)
MeYe + KkyeVe + CyeVe — kyse (Vs — ¥6) — Cyse (Vs — V) = 0 (5.7-¢c)
MoYo + KyoYe + CyoYo + kyo10(Vo — ¥10) + Cye10(Yo — ¥10) =0 (5.7-d)

My0Y10 + kyo10 (V10 — ¥9) + Cyo10 (V1o — Vo) + ky101 (V1o — ¥11) + Cy101 (Vi —

y11) = (=Fy — F)cosgp (5.7-e)
my1y11 + ky11Y11 + Cy11Y11 — ky101(}’10 —Y11) — Cy101(}’io —¥y11) =0 (5.7-f)

MyXy + kyaXy + CoaXy + Kyas(Xg — X5) + Crgs (X4 — x5) = 0 (5.7-g)
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MsXs + Kyse(Xs — X6) + Cyse(Xs — Xg) + kyas (x5 — x4) + Cras (X5 — Xy) = (—F —

F)sing (5.7-h)
MeXp + kyeXs + CreXe — Kys6(X5s — Xg) — Cyse(Xs — Xg) = 0 (5.7-1)
MoXg + kyoXg + CroXg + Kyg10(X9 — X10) + Cyo10(Xg — x10) = 0 (5.7-))

M10X10 + kxo10(X10 — X9) + Cxo10(X10 — Xo) + Ky101(X10 — X11) + Cy101(X10 —

x11) = (F + E)sing (5.7-k)

mMy1X11 + ky11X11 + Cra1X11 — ky101 (K10 — X11) — Cr101(X10 — x11) =0 (5.7-D)

Table 5.2 Mass and inertia of the dynamic model of spur gearbox systems

Inertia (kgm?) Mass (kg)
I Inertia of motor, inertia of motor shaft and 1/2 m Mass of pedestal and
. inertia of coupling 1 4 bearing
1/2 inertia of coupling 1, 1/2 inertia of coupling 2 -
L and inertia of torque meter shaft s Mass of pinion
I 1/2 inertia of coupling 2 and inertia of input shaft to m Mass of pedestal and
3 bearing (not including bearing) 6 bearing
I Inertia of pinion, inertia of input shaft (whole shaft m Mass of pedestal and
5 section through casing) K bearing
Inertia of slip ring (rotor part), adapter, coupling 3
f and shaft section outside casing (free end) Mo Mass of gear
I Inertia of slip ring (rotor part), adapter, coupling 5 m Mass of pedestal and
8 and shaft section outside casing (free end) 1 bearing
I Inertia of gear, inertia of whole output shaft section
10 through casing
I 1/2 inertia of coupling 4 and output shaft section to
12 bearing (not including bearing)
I Inertia of brake, inertia of brake shaft and 1/2 inertia
13 of coupling 4
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Table 5.3 Stiffness and damping of the dynamic model of spur gearbox systems

Stiffness and damping

ktlZa CtlZ

kt239 Ct23

kt‘35: Ct‘35

kt57: Ct57

kt810: Ct810

k102, Ce102

kt123: Ct123

ky459 Cy4—5

Torsional stiffness and damping
of coupling 1

Torsional stiffness and damping
of coupling 2

Torsional stiffness and damping
of shaft (from coupling 2 to
pinion)

Torsional stiffness and damping
of shaft (from pinion to slip ring)

Torsional stiffness and damping
of shaft (from gear to slip ring)

Torsional stiffness and damping
of shaft (from gear to coupling 4)

Torsional stiffness and damping
of coupling 4

Vertical stiffness and damping of
shaft

ky56' Cy56

ky101, Cy101

ky910: Cyo10

kx45' Cx45

kx56» Cx56

kxlOl’ Cx101

kx9105 Cx4-5

ky4, ky6’ ky9’ kyll

Vertical stiffness and
damping of shaft

Vertical stiffness and
damping of shaft

Vertical stiffness and
damping of shaft

Horizontal stiffness and
damping of shaft

Horizontal stiffness and
damping of shaft

Horizontal stiffness and
damping of shaft

Horizontal stiffness and
damping of shaft

Vertical stiffness of
pedestal/bearing

5.2.1 Meshing stiffness and damping coefficient of gear system

In the developed dynamic model, the internal excitation of the gear systems is from the
gear meshing contact [149-151], therefore, properly modelling the contact properties of
mating gear teeth can facility a better understanding of the coupling effects between gear

wear and gear dynamic characteristics, and then provide useful information for wear

monitoring and prediction.

Three major parameters are characterizing the gear contact, that is, meshing stiftness k,,,
damping coefficient ¢, and geometric transmission error e;. In this study, the meshing

stiffness k,, is considered as a function of the angular rotation of the pinion 5. The shape

of the dependency k,,(6s) is derived based on the potential energy which considers the

strain energy and Hertzian contact [152-154]. The strain energy consists of bending, shear
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and axial compressive potential energies stored in the meshing teeth, which are expressed

below [155-157]

FZ

Ub = m (58)
FZ

Us = Z_ks (59)
FZ

Ua = E (510)

where F is gear contact force, kj, kg and k, are bending stiffness, shear stiffness and

axial compressive stiffness.

The stiffness of the Hertzian contact between tooth pairs can be approximated by [158]

TEW
4(1-v?)

The Hertzian stiffness is dependent on the width of contact between two teeth widths W
and the material properties: Poisson’s ratio and elastic modulus, v and E, respectively.
With Hertzian, bending, shear and axial compressive stiffness, the gear mesh stiffness for

one tooth pair can be obtained by using [155, 159-161]

L. +Zz:[ + ! (5.12)
km  kn = Kp,j SJ Ka,j .

where j = 1,2 represents the pinion and gear, respectively. The mesh stiffness of one

tooth pair is demonstrated in Figure 5.3.
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%102 Single-pair meshing stiffness
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Driven Gear
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Pinion angle (rel. pitchline, rad)

Figure 5.3 Single tooth pair meshing stiffness

It is assumed that the gear system has a constant damping ratio and the meshing damping

coefficient is proportional to the gear meshing stiffness [162]
Cm = Uk, (5.13)
where u (s) is the scale constant.

To determine the value of u, k. and ¢,y are defined as the mean meshing stiffness and

damping coefficient in one mesh period, and the damping ratio can be calculated through

(= _ Cave (5.14)
24/ kayem

where m represents the effective mass of pinion and gear, which can be derived as

m = —5710 (5.15).

ms+mqg

From Eq. (5.14) and Eq. (5.15), the average meshing damping coefficient ¢y, 1s

Cave = 2¢ ‘kave nzs_'_mmlfo (5-16)-
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Therefore, based on Egs. (5.13-5.16), the damping ratio u together with the meshing

damping coefficient c,, can be calculated.

5.2.2 Geometric transmission error

The GTE, e; (geometric deviation from perfect involute), makes kinematic (inertia and
loading independent) contribution to the transmission error of the gear system [25]. It can
be used to represent gear surface wear, but could also include initial profile errors, that

can be estimated based on manufacturing quality or measured.

Ys (a) (b)
s Pinion N —
\ /'
o, o
\ : s
! Af i
"

A? = Ry105 — Rpz010 — Y5C0SQ + Y10C0SP
+x55inQ — x10Sing + e,

(c)
V1o Fk(gs)
— NN —

\\ Fi(65)
Fk(gs) = km(gs)Af

Figure 5.4 Gear systems: (a) gear contact mechanism; (b) deflections between mating teeth; (c) gear
dynamic contact force

The shape and severity of GTE impact the contact mechanism of gear pairs significantly.
Figure 5.4 demonstrates the effects of GTE on gear dynamic contact force Fj,. The
deflections A¢ between the mating gear teeth are shown in Figure 5.4(b), it consists of the
stiffnesses related deformation and the geometric working surface deviations from the

ideal gear tooth profile, which is GTE. Note that in the gear wear case, meshing stiffness
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change can be neglected as it is significantly less important than the transmission error
effect [18]. Therefore, the assessment of gear wear induced GTE is vital for analyzing the
coupling effects between gear wear and gear dynamic, and the further wear prediction.

The evaluation of wear induced GTE will be introduced in Chapter 6.

5.2.3  Dynamic simulation process

In this study, the dynamic model is established using Simulink® environment. To solve
this developed gear system, the state space theory is used to represent the gear dynamic
system in a useful mathematical way [163-165], as shown in Figure 5.5. Linear Time-
Invariant (LTI) component is a linear representation of a dynamic gear system in either
discrete or continuous time. With the LTI component, the eigenfrequencies can be easily
obtained for validating the dynamic model. Also, the time-varying variables, such as
meshing stiffness, damping coefficient, and geometric transmission error, are taken into
consideration, using the lookup tables with cubic spline interpolation, so that the dynamic
characteristics of the gear system can be realized and simulated. To clearly show the
differences between this work and previously published research [18, 41, 107, 166], more
details of the dynamic model in the Simulink® simulation environment are demonstrated

in Figure 5.6, Figure 5.7, and Figure 5.8.
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Figure 5.5 Gear state-space dynamic model
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Figure 5.6 Dynamic model in Simulink® simulation environment: overall structure

109




]

i

Toath contazt prion. ‘gearmesh stfness

10 equivalers|
(locked on t5)

Figure 5.7 Dynamic model in Simulink® simulation environment: gear contact part
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Figure 5.8 Dynamic model in Simulink® simulation environment: single tooth pair contact

ODE 45 is a function that implements a Runge-Kutta method with a variable time step
and high computation efficiency, therefore, in this study, ODE45 would be the first choice
for solving the dynamic motion equations [41]. In some specific cases, for example, the
problem/system is suspected to be stiff [167], ODE15s is the alternative in this study to

obtain numerical solutions of the developed dynamic gear transmission system.
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5.3 Model validation and calibration

Before using the dynamic model for further analysis, the dynamic model should be
validated and calibrated to guarantee the responses from the dynamic model are reliable.
In this research, a series of initial tests were performed for the validation and calibration

of the dynamic model, including a speed ramp test, impact tests and constant speed tests.

To obtain the natural frequencies/modes of the spur gearbox test rig for comparing with
the developed dynamic gear model, a speed ramp test was arranged. This method involves
collecting vibration signals over a period when the gearbox is ramping up toward full
speed, as shown in Figure 5.9. This particular test uses the vibration of the shaft as a
forcing function to provide energy inputting into the gear system. Doing like this will

excite resonances as the shaft vibration passes through the critical speed.

Power spectral density (PSD) analysis is a traditional frequency-domain analysis tool to
identify the structure modes/natural frequencies of mechanical systems. The reason is that
resonance is the amplification of a signal when its frequency is close to the natural
frequency of a system. With help of PSD analysis, the resonances in the spectrum are
amplified and other components such as background noise are reduced, making the modes
of the systems being easily detected. The PSD analysis of the spur gearbox is shown in

Figure 5.10.
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Figure 5.9 Measured vibration during the spur gearbox ramp test: (a) rotational speed; (b) measured
vibrations
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Figure 5.10 PSD analysis of the vibrations of the spur gear system
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From Figure 5.10, the modes/natural frequencies of the whole UNSW spur gear system
can be identified, which have been summarized in Table 5.4. These natural frequencies
can be used as references to help check the validity and reliability of the developed
dynamic model. It should be noted that in the developed dynamic model, the foundation
of the spur gearbox is not simulated and included, therefore, to make the natural frequency
from ramp tests being comparable with the developed dynamic model of the gear system,
the foundation of the gearbox’s natural frequencies should be excluded from the natural
frequencies acquired from ramp tests. With this regard, an impact test was applied to help
reveal the natural frequencies of the gearbox’s foundation so that it can be subtracted
from the whole UNSW spur gear system. Note that a slight load is applied to ensure the
gear pairs being in contact, when conducting the hammer test on the foundation of the

gearbox.

Table 5.4 Identified natural frequencies from the PSD analysis of experimental measurements

Natural frequencies (Hz)

13 22 41 59 68 87 128
218 270 430 512 6883 767 880
1103 1167 1248 1367 1471 1714 1927

The quadrature picking method was applied here to determine the natural
frequencies/modes and mode shapes of the gearbox’s foundation [168], as demonstrated
in Figure 5.11. The theory of the quadrature picking method is explained as follows. The
Frequency Response Function (FRF) appears to become purely imaginary at the modal
frequency. Its amplitude is proportional to the modal displacement, and its sign is positive
if displacement is in phase with the excitation. The mode shapes can be determined if a
response is fixed, or set an excitation degree of freedom as a reference and then make a

set of measurements. The imaginary parts of the measured FRFs can be “picked” at the
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modal frequencies at which they represent the modal displacement for that specific degree
of freedom [168]. This method is based on the assumption that the coupling between the
modes is light. In practice, mechanical structures are often very lightly damped (<1%).

This implies that the modes are lightly coupled.

C F'—\ 7 | 1_—\ 77 F 2
y /,‘ 7, — ] 7 ) ‘—'J
/ j = 5] v U 7 o
4 | 2 3 4 P | 2 3 4 b | 2 3 4 2 3 4
<5 <L <L <

#7086

Figure 5.11 Demonstration of quadrature picking method [168]

As for the foundation of the gear system, an accelerometer (B&K 4396) is fixed on the
root of the gearbox casing to collect the responses excited by varying inputs generating
by impact hammers, as shown in Figure 5.12. The modes of the foundation of the gearbox

and its mode shapes can be calculated and extracted through Eq. (5.17)

X(w)

) = Fw)

(5.17)

where H(w) is the FRF, X(w) is the output of the system and F(w) is the input of the

system.
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Figure 5.12 Harmer test on gearbox’s foundation

Figure 5.13 gives the first four mode shapes for demonstration purposes. Based on Eq.
(5.17), the FRF of the gearbox’s foundation is shown in Figure 5.14, including the
magnitude, phase and coherence. At the modes of the gear system, there would be a peak
in the magnitude spectrum, and the corresponding phase would shift 180 degrees.
Coherence is a function versus frequency that indicates how much of the output is due to
the input in the FRF. It can be an indicator of the quality of the FRF, which evaluates the
consistency of the FRF from measurement to repeat of the same measurement: (a)
coherence’s value is 1 at a particular frequency indicating that the FRF amplitude and
phase are very repeatable from measurement to measurement; (b) while coherence’s
value is 0 indicating that opposite — the measurements are not repeatable, which is a

possible “warning flag” that there is an error in the measurement setup.
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From the magnitude, phase and coherence spectrums in Figure 5.14, all the modes of the
gearbox’s foundation can be identified. Subtracting the obtained modes/natural
frequencies from the whole gear system’s modes (from the speed ramp test), the
modes/natural frequencies of the gear system without foundation can be achieved, which

are comparable with the developed dynamic model.

Mode shape for 12.85 Hz mode Mode shape for 14.5 Hz mode
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Figure 5.13 The first four mode shapes of the gearbox’s foundation
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Figure 5.14 Frequency Response Function (FRF) of the gearbox’s foundation

The speed ramp and impact tests were used to provide an initial adjustment of the most
uncertain model parameters (e.g. stiffness of joints and bearings) with the ultimate aim of
obtaining a good match between simulated and experimental natural frequencies in the
frequency a range of interest (0-2 kHz). The comparison result is summarised in Table
5.5. And the scaled meshing stiffness is shown in Figure 5.15. Note that the natural
frequencies presenting formats (such as accuracy) are set to be the same as the researchers
did in Ref. [169]. The reason why scaling the meshing stiffness is explained as follows.
In gear transmission systems, various gears are used for different purposes. For example,
some gears are surface hardened, while some are not treated with the hardening process.
Soft vs hardened gears results in different magnitudes of the meshing stiffness when they
have identical gear profiles. To guarantee the responses from the dynamic model are close
to the actual measurements from the specific test rig, model calibration is thus necessary.
It involves ‘scaling’ the meshing stiffness of the model so that it is close enough to the

gears used in the experiments.
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Figure 5.15 Meshing stiffness curve

Table 5.5 Natural frequency comparison results of dynamic model and experimental data

Experiments (Hz) Dynamic model (Hz) Difterence (%)

22 23 5.1

87 81 -6.7

218 201 -71.8

430 427 -0.8

512 529 3.5

767 740 3.5
1248 1268 1.6
1927 1885 2.2

Table 5.5 shows that the first eight natural frequencies agree between the experiments
and the dynamic model within eight percent, which was deemed sufficient to approximate

the system response.

Two constant speed tests were then executed to fine-tune a scale factor for the meshing

stiffness function k,,, and the damping coefficient c,:

1. 2 Hzrotational speed and 10 Nm motor torque and
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2. 2 Hzrotational speed and 20 Nm motor torque.

The encoder signals on the input and output shaft were used in these tests to calculate the
static transmission error (STE) of the gearbox system using the phase demodulation
method [170] assuming negligible dynamic effects at this low speed. This STE was then
used as an input to the dynamic model to simulate a vibration response. After low-pass

filtering in the band of interest (0-2 kHz), the RMS of the simulated vibration signal

yéSIM) (t) was then compared with the experimental results and the meshing stiffness and
damping were manually adjusted until good agreement between the results was obtained,
as shown in Figure 5.16. To examine the rationality of the responses from the developed
dynamic model, similar to Ref. [41], the first five gear tooth meshes are expanded and
plotted in Figure 5.17. From the comparison between the five gear mesh teeth signals of
the experiment and simulation, it can be seen that the characteristics of the gear system
are well presented, including the engagement of teeth contact, loading and unloading of
teeth, the gear mesh period, and the amplitude of vibration. Note that the wear on each
gear tooth is theoretically the same, even though the tooth-to-tooth differences do exist in
practice due to manufacturing or mounting error (as shown in Figure 5.16(a) and Figure
5.17(a)), resulting in that modulation phenomenon and sidebands exist in the measured
signal. Since uniform wear is simulated in the developed dynamic model, and also
because the wear process is the same on each gear tooth, no sidebands around the gear

mesh (caused by the modulations behaviours) exist in the simulated signal.
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Figure 5.16 Vibration signal: (a) experiment and (b) simulation
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Figure 5.17 Five-gearmesh teeth: (a) experiment and (b) simulation
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The low pass filtering was necessary to remove high frequency effects which arise in the
simulation from the unrealistic steps in the stiffness function, smoothed in practice by a
gradual engagement/disengagement of the teeth. Indeed, even in this limited band the
stronger weighting of the higher gear mesh harmonics is apparent in the simulated
response in Figure 5.16(b). Nonetheless, the overall magnitudes of the responses were

deemed to match the measurements sufficiently for the purposes of the present study.

The dynamic contact force from the developed model is shown in Figure 5.18, and more
spikes and fluctuations are observed in the contact force compared with the results shown
in Ref. [21]. These spikes and fluctuations are caused by the resonances of the gear system.
In Ref. [21], a torsional model (with a single DOF) was established to generate dynamic
contact force and the subsequent worn tooth profile. As for the torsional model in Ref.
[21], there is only one mode existing in the simulated gear system, therefore, its FRF is
simple and only has one peak, resulting in the contact force being in a ‘smooth’ pattern.
However, in practice, the gear system is usually much more complex in terms of potential
changes in the dynamic responses under an operating condition, and the single DOF
torsional model is not representative anymore. Therefore, the authors in Ref. [60]
included the translational effects coming from the shaft bending and bearing radial
deflections into the dynamic model, and significantly different characteristics of contact
force and the subsequent worn tooth profile were observed, comparing with the results
shown in Ref. [21], and more spikes and fluctuations start to appear. Also, the dynamic
contact force simulated in Ref. [171] exhibited lots of spikes and fluctuation behaviours

due to more degrees of freedom are included in the developed dynamic model.
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Figure 5.18 Dynamic contact force (from gear root to tip)

This calibrated dynamic model was used both to generate dynamic contact forces (for
specified GTEs) for input into the tribological wear model and to simulate responses for

comparison with vibration measurements to enable updating of the wear model.

5.4 Summary

This chapter presents the development of a 21-DOFs dynamic model based on the UNSW
spur gearbox test rig, including gear meshing stiffness, geometric transmission error
evolution, and the solver to acquire numerical solutions. The dynamic model developed
in this chapter is a crucial part of the proposed vibration-based wear prediction schemes,
which will be introduced in Chapter 6 and Chapter 7. Note that the developed dynamic
model is different from previously published research [18, 41, 107] since a new gearbox
test rig is used in this thesis. Also, the applications of the developed dynamic model are
different from previously published research. To guarantee the dynamic responses of the

developed dynamic model is close enough to the actual test rig so that it can provide
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useful information for further wear analysis, speed ramp test, impact test and several
constant speed tests are conducted to validate and calibrate the dynamic model. The
natural frequency comparison between experiment and simulation shows that the
developed dynamic model match well with the real UNSW spur gearbox test rig. Also,
the time waveforms of vibrations from experiments and the dynamic model match each
other. It suggests that the developed dynamic model can provide reliable dynamic contact
to the tribological (wear) models for further wear analysis. Moreover, the simulated
vibration characteristics can be used to compare with actual measurements for updating

analysis of wear prediction, which will be introduced in Chapter 6 and Chapter 7.

However, it should be mentioned that the foundation of the gearbox has not been
modelled in the developed dynamic model, which might affect the simulated vibrations,
especially when it is operating at its resonances range. This issue will be addressed in

future work by including the foundation.
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Chapter 6 Monitoring and prediction of tooth profile

changes during wear progression

The work presented in this chapter is devoted to achieving objective 3 of this research:
monitoring and prediction of tooth profile changes during wear progression. This
work has been presented in papers titled “Vibration-based updating of wear prediction
for spur gears” and “Use of an improved vibration-based updating methodology for gear
wear prediction”, which were published in the journals of Wear (426-427: 1410-1415,
2019) and Engineering Failure Analysis (120: 105066, 2021). The main content of this
chapter is identical to the above publications, while the structure of this chapter has been

arranged to ensure the consistency of the thesis.

This chapter is organized as follows. In Section 6.1, a brief introduction to this study is
presented. Section 6.2 introduces the proposed wear prediction scheme, and then presents
the new wear depth distribution calculation approach; Section 6.3 shows the gear wear
prediction results using two endurance tests under different lubrication conditions. In

Section 6.4, the main outcomes are summarised.
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6.1 Introduction

Gear wear is a progressive material loss from contacting gear tooth surfaces due to the
combined sliding and rolling motion under boundary or mixed lubrication conditions [13].
During gear service life, wear induced tooth profile change is a common wear
phenomenon, and it can result in gear tooth thickness reduction. In general, the wear
induced tooth profile alteration non-uniformly distributes from gear tooth root to tip [68].
The reason is that the sliding velocities at the different contact locations of the gear tooth
in relation to the pitch line are different and the wear rate is a function of the sliding
velocity as well as the pressure [172]. The wear induced tooth profile alteration may lead
to a sudden failure of the gearbox transmission system, which can result in unexpected
economic loss and serious accidents. Therefore, for the effective management of the
health of the transmission system, it is important to be able to monitor the gear profile

change and predict its propagation, which is the focus of this chapter.

As reviewed in Chapter 2, the majority of existing research works mainly focused on
studying the effects of surface wear processes on gear system dynamic characteristics
such as transmission error and dynamic meshing force [31, 72, 173-175], and
investigating the effect of gear dynamics on surface wear [21, 59, 60, 176-178]. In
contrast, there are only a handful of studies on the prediction of spur gear wear induced
tooth profile change under quasi-static operating conditions [57, 68, 84]. But dynamic
response characteristics are quite different from those under quasi-static conditions. The
dynamic meshing forces are typically larger than the corresponding quasi-static forces

and their magnitudes and waveforms are quite different [21].

Theoretically, dynamic response characteristics of a gear pair are sensitive to a profile

change, that is, a geometric deviation of the tooth surface profile from a perfect involute,
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and elastic deformation [25]. Gear surface wear is a material removal process, which can
result in a geometric deviation. And, elastic deformation is determined by contact force
and meshing stiffness. Based on this theory, the authors in reference [21] used a
periodically time-varying meshing stiffness function and an external displacement
excitation to represent the effects of dynamic response on the gear wear process. In that
research, the authors utilized a torsional model with a single-degree-of-freedom (DOF)
and then combined it with a quasi-static wear model [57] to develop a dynamic wear
model. This model is capable of investigating the interactions between the surface wear
and the spur gear system's dynamic characteristics. Later, to demonstrate the effect of
translational deflection on the wear process, one study [60] introduced a 3-DOFs dynamic
model to replace the torsional model in Ref. [21], and it found that the translational
deflection in the gear system impact the gear progress significantly, therefore, it must be

included when analysing gear wear progradation.

It should be noted that both Refs. [21, 60] only investigated the coupling effects between
gear dynamics and the wear process through a set of simulations. Gear wear prediction
under dynamic conditions, which can bring significant benefits to a wide range of

industries, was not included.

The combination of dynamic and wear models, proposed in a few variants in the literature
[57, 68, 84], is theoretically able to predict the evolution of wear and its induced tooth
profile alteration, considering its interactions with the gearbox dynamics. This prediction
will however likely drift away from the actual wear process which is a complex process
with multiple factors, especially considering that the parameters governing wear
dynamics vary in time (e.g., with the contamination of the lubricant and the change in
surface roughness). Increasing the complexity of the wear models to follow these complex

trends is an option, but it is likely to result in additional parameters whose quantification
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for practical applications could be difficult, leading to additional uncertainty in the model

predictions.

To accurately and efficiently predict gear tooth profile change in a wear process, a gear-
wear prediction methodology is proposed in this research. The following sections will
introduce the whole procedure of the proposed vibration-based updating of the wear
prediction scheme theoretically and demonstrate the tooth profile change prediction
results with accelerated run-to-failure gear wear tests under different lubrication

conditions.

6.2 Methodology for monitoring and predicting tooth profile change

from wear

6.2.1 The proposed vibration-based approach for monitoring and predicting tooth

profile change

In this section, the architecture of the proposed vibration-based prediction scheme for the

tooth profile change caused by wear will be introduced briefly.

The overall approach is concisely presented in Figure 6.1. The modelling component of
this methodology (on the left of Figure 6.1) is composed of two interacting simulation
models: a dynamic model and a wear model. Based on the input of the tooth profile
geometry, the dynamic model predicts tooth contact forces, which are passed on to the
wear model to estimate gear wear and consequently modify the tooth profile geometry,
which is then fed back into the dynamic model. This iterative loop allows a knowledge-

based prediction of wear and its induced tooth profile change, which however is likely to
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be reliable only on a limited timeframe, within which the wear model parameters remain

unchanged.
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Figure 6.1 Basic procedures of the proposed vibration-based scheme for updating wear predictions

The main novelty of the proposed approach relies on the updating of the wear model
parameters based on vibration measurements (on the right of Figure 6.1). The vibrations
from the gearbox dynamic model are compared to measured vibration levels to track the

quality of the wear model predictions and if necessary update the wear model parameters.

The details of each component of the approach, as outlined in Figure 6.1, will be discussed

in depth in the following sections.

6.2.2 Dynamic model

In this section, only a brief introduction of the dynamic model of the spur gearbox will

be given since its development has been introduced with details in Chapter 5.
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To generate realistic vibrations and contact forces for the wear model, a 21 degree-of-
freedom (DOF) lumped parameter dynamic model is established based on the University
of New South Wales (UNSW) gearbox test bench, the development of which has been

introduced in Chapter 5. The basic motion equations of the dynamic model are as follows
MX+Cx+Kx=f (6.1)

where X represents the angular and translational displacements of the different nodes of
the gearbox system, which is in the plane perpendicular to the input and output shaft axes.
K, C and f are the matrices of corresponding stiffness, damping and force. Further details
of this dynamic model development can be found in Chapter 5, also the dynamic model
was calibrated using impact tests, some speed ramp tests and several constant speed tests.
The calibration ensures that reliable contact force figures are fed into the wear model and

that realistic vibration signals are simulated.

6.2.3  Wear model for simulating tooth profile change

Although many advanced wear models have been proposed using different methodologies
and parameter sets, the Archard wear model remains the most commonly used for
practical applications, and is chosen in this research to simulate the wear induced tooth
profile change behaviours. Neglecting changes in the contact area over the meshing cycle,

and differentiating the expression of Ref. [21], the Archard wear model is as follows

dh

i KyearFV (6.2)

where h is the wear depth, F is the normal load and v is the corresponding sliding
velocity.
Even though the capability of the Archard wear in simulating wear propagation

behaviours has been demonstrated in lots of references [71, 179-181], the Archard wear
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model can be improved to enhance the gear wear prediction accuracy with consideration
of more realistic parameters and factors. First, expressing Eq. (6.2) in terms of contact
pressure P rather than contact force would be more physically meaningful [182, 183].
The second point involves the inclusion in the model of the effect from adjacent contact
points on the wear depth accumulation at one specific contact point. From the literature
review of Chapter 2, it is worth noting that none of the existing works [21, 24, 57, 62, 68,
108] considers the pressure contribution coming from the adjacent contact points to the
wear depth accumulation, although the pressure is distributed in a small region and affects

the wear distribution.

To address the above-mentioned issues, in this research, the Archard wear model is
further improved by considering contact pressure rather than force. Moreover,
considering the effect of Hertzian deformation, giving a contact area rather than a line, a

new approach is proposed to calculate the wear depth distribution:

h(x) = J KopearP(x, )u(t)dt (6.3)

where h(x) is the wear depth at contact point x, P(x,t) is the contact pressure

distribution at time t, and v(t) is the corresponding sliding velocity.

To clearly explain the new wear depth distribution calculation approach, a simple
example is used in Figure 6.2 for demonstration. In Figure 6.2, P(5), P(6) and P(7)
represent the instantaneous Hertzian pressure distribution at contact points #5, #6 and #7
respectively. The parameter P(5)_6 represents the consequent pressure at contact point
#6 when the gear pairs are engaged at contact point #5, due to the contact area given by
Hertzian deformation. A similar meaning holds for P (7)_6. Therefore, in summary, due
to the Hertzian deformation, the wear depth at contact point #6 is affected not only when

itself is the (theoretical) contact ‘point’, but also when adjacent points #5 and #7 are the
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(theoretical) contact points. The sum of them forms the final wear depth at contact point

#6, which is demonstrated in Eq. (6.4).

P(S) P(6)

Contact point mee 1 2 3 4 ] 6 7 8 9 10 11 12

Figure 6.2 The wear depth at contact point #6: including the effects coming from adjacent contact points
Ah(6) = (KiearPs(6)V(6) + KyyearPs(6)V(5) + Kyear P, (6)V (7)) - At (6.4)

The gear tooth wear depth distribution obtained using the Archard wear model presented
in the reference [21] and the improved Archard wear model with the new calculation

approach is shown in Figure 6.3. Two differences between the results can be seen:

1) The wear depth at the pitch line (rotation angle zero) is not zero with the new
calculation approach, which corresponds more closely with experimental observations
(see Figure 6.9 in Section 6.3). The reason is that even though the sliding velocity is
theoretically zero at the instant of pitch line contact, due to the Hertzian deformation
giving a contact area, the sliding velocity at the pitch line is non-zero during this short

instant. This results in mild wear at the pitch line.

2) The curve of the wear depth distribution (from the tooth root to tip) becomes much
smoother, which again is more physically meaningful and corresponds with experimental
observations (see Figure 6.8 in Section 6.3). In practice, even though dynamic contact
pressure distribution has some peaks corresponding to each contact point (see Figure 6.4),

it could not cause sharp peaks and troughs in the wear depth distribution when taking into
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consideration the effect from the adjacent contact points due to Hertzian deformation. The

load altering will rapidly remove any sharp peaks and troughs induced by dynamic forces.
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Figure 6.3 Wear depth distribution
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Figure 6.4 Contact pressure distribution: there are some peaks corresponding to each contact point

With consideration of these two factors, the calculated wear profile using the improved
Archard wear model with the new calculation approach is more reasonable and realistic

compared with the Archard wear model used in Ref. [21], therefore, in this research, the

132



improved Archard wear model is used to simulate the wear propagation behaviours and

its induced tooth profile change.

Note that the worn gear tooth profile (the black dot line) shown in Figure 6.3 is different
from the results shown in Ref. [21]. More specifically, it is not as ‘smooth’ as the worn
tooth profile presented in Ref. [21]. The reason is that a single DOF torsional model used
in Ref. [21] neglects some actual modes (such as translational modes) of gear systems,
resulting in a very simple and smooth contact force, which does not represent the actual
one. In contrast, a 21 DOFs dynamic model is used in this thesis to account for both
translational and torsional modes, and the generated contact force is thus very different
to the one obtained from the single DOF torsional model. This difference has been
discussed in Section 5.3. Thus, the calculated worn gear tooth profile still has small jags,
which is caused by the dynamic interactions from translational and torsional modes of the

21 DOFs dynamic model.

It should note that the wear model parameter K5, (in Eq. (6.3)) is affected by a number
of factors including material properties, such as hardness and roughness of the two
surfaces, and the lubrication condition, which may evolve in the wear process. Since it is
very difficult to estimate or directly measure Ky, €xperimentally, this coefficient is
often a major unknown parameter. In this study, Kyear 1S determined experimentally,
based on the comparison of simulated and experimental vibrations. The details of this

updating methodology will be introduced in the following section.

6.2.4 Updating methodology

The update of the wear coefficient K., is obtained based on the comparison of the root

mean square (RMS) value of simulated and experimental signals. The updating
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methodology is executed iteratively when the absolute error between the experimental
and simulated RMS values exceeds the predefined 5% threshold, and the wear coefficient

Kyyear for the next iteration (i+1) is calculated as follows

Kwear(i41) = Dy * Kwear ;) (6.5)
where D(;y = RMS{y EXPD(¢)} /RMS{y S™MD (¢)}, and y EXPD (¢) and y ™D (¢) are the
simulated and experimental vibration signals at time ¢ and iteration i. Note that the
predefined threshold should be set close to 0 in theory, and the wear coefficient will be
updated almost at each step. By doing so, even though the prediction accuracy can be
improved slightly, the computation cost will increase significantly. To balance the
prediction accuracy and computation cost, a 5% threshold is selected in this research. The
iterations are stopped when the absolute error between the simulated and experimental
RMS values falls below the predefined threshold. It must be highlighted that the operating
conditions of the dynamic model (speed and torque) should be set as close as possible to
the actual experimental conditions, to avoid potentially large biases on RMS readings.
Luckily, speed measurements and torque estimates (e.g., through current measurements
in electromechanical drivetrains) are available in most machines with sufficient criticality

to justify a sophisticated condition monitoring system.

6.3 Tooth profile change prediction results

In this section, the wear induced tooth profile change prediction results under dry and

lubricated conditions are presented.
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6.3.1 Dry test

The dry test was conducted with input shaft speed and torque of 10 Hz and 5 Nm. The
wear model parameter Ky, Was updated (when/if necessary) with the procedure
discussed in Section 6.2.4. In total, two updates were executed during the test, when the
error between the RMS value of simulated and measured vibration signals exceeded the
predefined 5% threshold. The first updating was executed at 0.73 X 10* wear cycles, and
the Kyear Was found to be 1.65 X 107°Pa~?1. The second update occurred at 2.48 x 10*

wear cycles, and the updated K,,.q was 2.17 X 107¢Pa™?

. Figure 6.5 shows the
evolution of the vibration RMS throughout the dry test. From Figure 6.5, it can be found

that the simulated vibrations from the dynamic model match well with the experimental

ones after updating the Kyear-

To check the effectiveness of the proposed updating scheme (with improved Archard
wear model) in wear depth prediction, an estimate of the mean wear depth was calculated
based on the wear particles collected using adhesive paper [104]. Figure 6.6 shows the
comparison results. It can be found that the wear depths (at 1.29 x 10*, 185 x 10%,
3.19 x 10* and 3.77 x 10* wear cycles) are well predicted using the proposed updating
scheme. Therefore, the proposed updating scheme with the improved Archard wear
model has an excellent performance in wear prediction under dry conditions. Note that
this and subsequent mean wear depth figures represent the combined wear of the pinion
and driven gear tooth profiles, which means that of the pinion alone accounts for about
73% of this wear depth figure. Note too that these wear depth figures were never used in

the updating — only the vibration signals (simulated and measured).
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Figure 6.5 Dry test: RMS (in mm/s) versus the number of wear cycles from the experimental testing and
the results from simulations (after updating)
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Figure 6.6 Wear depth comparison results of dry test: experiment (from wear particles) and model (after
updating)
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6.3.2 Lubricated test

In this section, the performance of the updating scheme in wear prediction under
lubricated conditions will be examined. The lubricated test was conducted with input
shaft speed and torque of 20 Hz and 20 Nm, respectively. In this case, four updates of the
wear coefficient K., were executed throughout the test (measurements for which the
error between the RMS values of simulated and measured vibration signals exceeded the
predefined 5% threshold). The updates were applied at 0.57 x 10°, 0.82 x 10°,
2.19 x 10° and 2.30 X 10° wear cycles. Figure 6.7 shows the RMS comparison results
from the model (after updating) and the experiment. The RMS values from the model
match well with the experimental ones after updating the K, values. Note that the
manufacturing marks on the driven gear have been significantly removed during
[1.41~2.12] million cycles. The same phenomenon was observed in Ref. [128]. Thus, a

plateau at 1.4 mm/s occurs in the RMS trend during this period.

In the lubricated test, it is hard to collect all wear particles in the oil, therefore, the tooth
profile change could not be estimated like the dry test using wear particle mass. To obtain
reliable wear depth measurements for verifying the effectiveness of the updating scheme
in wear prediction, a moulding technique [128] was used to obtain the gear tooth profile
change experimentally, see Figure 6.8. Figure 6.9 shows the tooth profile change from
0.36 X 10° wear cycles to 2.58 x 10° wear cycles. Note: the run-in period (the first

0.36 X 10° wear cycles) is excluded.
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Figure 6.7 Lubricated test: RMS (in mm/s) versus the number of wear cycles from the experimental
testing and the results from simulations (after updating)
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Figure 6.8 3D image of the mould profile collected from pinion (SAP: start of active profile, EAP: end of
active profile)

Based on the profile change demonstrated in Figure 6.9, the mean wear depth (from gear
root to tip) of the mating gears should be 48.2 um. The model-based wear depth
prediction results compared with the experimental measurement (the latter from only the
end of the test) are shown in Figure 6.10. From Figure 6.10, it can be found that the final
predicted wear depth is 46.2 pm. Compared with the measured wear depth, a 4.3% error

exists, which is acceptable. Therefore, with the improved Archard wear model, the
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proposed updating methodology is effective in predicting wear depth under lubricated

conditions.
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6.4 Summary

The contribution of the work presented in this chapter is a novel vibration-based updating
scheme is proposed to monitor and predict the gear wear process. Unique to previously
published work, [21, 92, 184], comparison between simulated vibrations and
measurements from the actual test rig is conducted regularly to update the model
parameters if necessary. The updating procedure can track and correct for changes in wear
rates, thus allowing analysts to obtain reliable wear predictions with relatively simple
modelling tools. Also, different to the existing studies in gear-wear prediction, the newly
developed wear prediction scheme was applied and validated on both lubricated and dry
tests. Reliable and accurate prediction results of the tooth profile change are demonstrated.
In addition, unlike Ref. [24], the updating procedure in the proposed scheme does not
require gearbox stoppage or disassembly to obtain the wear particle mass. By utilising the
advantage of the data acquisition system, the vibration signals can be easily acquired
online without disturbing the operation, the proposed method can be applied when the

gearbox system is in operating.

In addition, in the developed vibration updating scheme, an improved Archard wear
model is also proposed to calculate the wear depth more realistically using the pressure
distribution rather than the localised force on the gear surface. The improved Archard
wear model implemented in this research includes consideration of the effect of Hertzian
deformation, giving a contact area rather than a line, producing qualitatively more
realistic and reliable wear induced tooth profile alteration behaviours results in

comparison with the original approach used in the reference [21].

However, it should be mentioned that in the lubricated test, significant fatigue pitting

propagation was observed, and the proposed vibration-based updating scheme does not
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have the capability to predict fatigue pitting propagation. Therefore, in the next chapter,
Chapter 7, consideration is given to modifying the updating scheme to handle two wear
mechanisms (abrasive wear and fatigue pitting) and their consequences on the gear tooth

surface (tooth profile change and surface pitting).
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Chapter 7 Development of a digital twin approach for
monitoring and prediction of surface pitting and tooth profile

changes

The work presented in this chapter is devoted to achieving objective 4 of this research:
development of a digital twin approach for monitoring and prediction of surface
pitting and tooth profile changes. This chapter is an improvement of the methodology
presented in Chapter 6 by involving multiple wear phenomena: gear tooth profile change
and surface pitting. This chapter is a modified version of the paper titled “Vibration-based
monitoring and prediction of surface profile change and pitting density in a spur gear
wear process”, which was published in the journal of Mechanical Systems and Signal
Processing (165: 108319, 2022). The main content of this chapter is identical to the above
publication, while the structure of this chapter has been arranged to ensure the consistency

of the thesis.

The organisation of this chapter is as follows: Section 7.1 briefly introduces essential
background relevant to this study as well as the early work on monitoring and prediction
of tooth profile change. Then Section 7.2 presents the relationship between vibration

characteristics and wear features, and then vibration indicators for monitoring gear tooth
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profile change and surface pitting propagation are given. Section 7.3 introduces the
proposed vibration-based surface degradation prediction methodology, including the
dynamic and tribological models, and novel comparison analysis for model updating. To
simulate the surface pitting propagation behaviours, a pitting propagation model is
developed and introduced in Section 7.3. Section 7.4 demonstrates and verifies the
effectiveness of the proposed surface degradation methodology for wear (gear tooth
profile change and surface pitting) monitoring and prediction, with measurements from a

laboratory gear rig. A summary of this study is presented in Section 7.5.

7.1 Introduction

In gear systems, wear induced gear tooth surface degradation is an inevitable phenomenon,
and it can lead to destructive damage to the gear teeth and a significant reduction in the
remaining useful life (RUL) of the gearbox [13, 185-187]. It is, therefore, necessary to
monitor and predict the wear propagation process to ensure timely maintenance can be
scheduled to avoid catastrophic failure. Tooth profile changes and surface pitting of gear
teeth are two common processes during gear service life, and they have different impacts
on the degradation rate and RUL of gear systems. During the gear wear process, tooth
profile changes and surface pitting can occur simultaneously, and the two wear events
can act together leading to a more rapid surface deterioration than if only one acted alone
[81, 188-190]. Therefore, the development of an efficient and reliable tool for monitoring
and predicting both gear tooth profile changes and surface pitting could bring enormous

benefits to the industry.

Based on the literature review in Chapter 2, the Archard wear model [21, 61, 191] is
widely used to estimate the wear depth of tooth surfaces. With the help of the Archard
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wear model, dynamic model and measured vibrations, the prediction of wear induced
tooth profile change under dynamic conditions can be realised as presented in Chapter 6.
As reviewed in Chapter 2, compared with research on the prediction of abrasive wear and
associated tooth profile changes, studies on surface pitting propagation monitoring and
prediction are sparser, although there are plenty of publications focusing on explaining
the process of surface pitting initiation [76, 77, 192]. With help of the Archard wear model,
Dang Van fatigue criterion [193-195] and Lundberg-Palmgren model [80, 196-198],
attempts in the surface pitting propagation were made and the coupling effects between
abrasion and pitting were investigated in Refs. [81] and [8]. Although promising surface
pitting prediction results were demonstrated in these studies, it should be noted that
neither study included calibration of the models using actual measurements to
accommodate variations in the wear rate. In practice, the pitting propagation rate would
be affected by a number of factors, such as lubrication quality and quantity, contact
pressure distribution, sliding speed, surface roughness, all of which may change
significantly — and so without frequent checking and, if necessary, updating of the wear
model parameters, the accuracy of the prediction results cannot be guaranteed and is

likely to decrease significantly during the surface pitting propagation.

In short, existing techniques do not have the capability to accurately predict the gear
surface degradation, especially when the two wear phenomena (tooth profile change and
surface pitting) co-exist. Therefore, it is necessary to develop a reliable and efficient tool,
which can utilise the capability of both physics-based models and measurements for

predicting both tooth profile change and surface pitting propagation.

A two-step approach is used to achieve the above goal. First, a method for monitoring
and predicting the gear tooth profile change is proposed in this project as presented in

Chapter 6. This methodology is based on the combination of an Archard wear model, a
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dynamic model and an updating scheme capable of frequently updating, as necessary, the
Archard wear coefficient. By comparing simulated and measured vibrations, reliable
predictions of abrasion-induced tooth profile changes were achieved through the
proposed methodology. However, the methodology presented in Chapter 6 does not have
the ability to monitor and predict surface pitting behaviours. Also, the root mean square
(RMS) of the raw vibration signal was the feature used in the comparison analysis, and
this could be easily affected by background noise or any number of unrelated machine
changes, and could thus drastically reduce prediction accuracy and increase computation

cost.

Built upon the work introduced in Chapter 6, a vibration-based methodology for
monitoring and predicting both wear induced tooth profile change and surface pitting is

then developed in this chapter.

7.2  Relationships of vibration features and wear features

In most applications, with constant or randomly varying speeds and loads, tooth profile
change and surface pitting are distributed on all gear teeth uniformly, but the two wear
events have different impacts on gear systems [19], and thus result in different vibration
characteristics. Tooth profile changes generally cause an increase in the magnitude of
gear mesh harmonics [13, 22], and so a suitable indicator for this phenomenon is the RMS
of the signal obtained by synchronously averaging over the gearmesh period (giving a

signal comprising only gearmesh harmonics), as shown in Eq. (7.1):

(7.1)
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where Agyy; 1s the amplitude of the ith gear mesh harmonic. The merits of using the time-
synchronously averaged (TSA) vibration signal are as follows: 1) noise coming from the
environment can be reduced significantly; 2) the average level of profile change of all
gear teeth can be well indicated. It should be noted that well-lubricated gear systems
usually exhibit relative smooth worn tooth profiles characterised by long-wavelength
variations from the involute. For such mild wear cases, the first several gear mesh
harmonics are sufficient to indicate the level of profile change. In contrast, the severely
worn tooth profiles that are more often found in dry or poorly lubricated conditions are
more complex, and therefore more gear mesh harmonics are required to properly reflect
such profiles. This difference will be demonstrated with a lubricated test and a dry test in

the results section.

As for surface pitting, it is fatigue-induced material loss, after which the effective working
tooth profile (considered across the entire face width) often remains unchanged (unless
pitting is extremely severe). Therefore, gear mesh harmonics often change negligibly
during this process. To indicate the surface pitting propagation, ICS2, a measure of the
degree of second-order cyclostationarity in a signal [37] and shown in Eq. (7.2), was
investigated for tracking surface pitting propagation in Chapter 4, with consideration of

the underlying physics of the gear meshing process:

Yh=1:1 max(SES[n]?)
ApH _ nEAR

1cs27mH = SESIOT? (7.2)

where £ is the harmonic order of the gearmesh frequency, and A, (h=1,2,...,H)
represents the equivalent sets for the corresponding harmonics (with a tolerance band in
the case of expected cyclic frequency deviations, to account for imperfect order tracking
for example). SES is the (amplitude) spectrum of the squared envelope, obtained by

amplitude demodulating the signal. A bandpass filtered version of the signal can be used
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to obtain the SES, giving an ICS2 enhanced by targeting not just the desired cyclic
frequency(ies) but also the desired carrier frequency range(s). ICS2 obtained in this way
has proven successful in difficult bearing diagnostic cases [199], and the experimental
results presented in Chapter 4 demonstrate that ICS2 has an excellent performance in
tracking surface pitting propagation when based on a low (carrier) frequency band.
Therefore, in this study, ICS2 based on a low frequency band will be employed as the
vibration feature to conduct the comparison analysis for surface pitting propagation

monitoring and prediction (see details in Section 7.3).

7.3 Methodology for monitoring and predicting surface pitting and

tooth profile change

In this section, the proposed vibration-based surface degradation monitoring and
prediction methodology is presented. The details of the dynamic and tribological/wear
models’ development are provided, followed by the approaches of model updating using

measured vibrations.

7.3.1 Structure of the proposed vibration-based surface degradation prediction

methodology

Figure 7.1 shows the architecture of the proposed methodology. It consists of a dynamic
model, wear models (Archard wear model and surface pitting model) and comparison

analysis with measured vibrations for updating wear coefficients.

A dynamic model is established to simulate the actual spur gearbox. The dynamic model
development has been introduced in Chapter 5, therefore, it will not be introduced in this

chapter to avoid repetition. Based on the inputs of gear tooth profile geometry and
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operating conditions, the dynamic model can provide dynamic contact forces and
simulated vibrations of the gear system. The contact pressure can then be calculated using
the Hertzian contact theory. With the contact pressure as an input, the Archard wear
model can estimate the abrasive wear rate and consequently predict the gear tooth profile
geometry at a specified future point in time, and this is then fed back into the dynamic
model. Meanwhile, the contact pressure is passed on to a surface pitting model to predict
the surface pitting density, which consequently modifies the contact area and then alters
the Hertzian contact pressure. Further information about the wear models can be found in
Section 7.3.2. Both the profile change and surface pitting can affect the contact pressure,
through modifying gear tooth profile geometry and contact area respectively, and
therefore, there is an interaction between tooth profile change and surface pitting

propagation.

In the proposed methodology, the contact pressure from the dynamic model is provided
to the two wear models (Archard wear model and surface pitting model), and wear depth
and surface pitting density are predicted simultaneously. In Figure 7.1, this part of the
methodology is represented mostly in black, with the blue part indicating the updating of
the contact area and tooth profile geometry, both of which can be conducted as often as

required (without measurements).

In practice, there are many factors that can affect the dominant wear mechanisms and
wear rate, such as the quality of lubrication and changes in the surface roughness and
operating conditions. Therefore, using a constant wear coefficient K in each wear model
could result in significant prediction errors. To guarantee accurate predictions, regular
updating of the wear coefficients is implemented by comparing measured vibrations
(RMSg, and ICS2 in Section 7.2), when available, with the simulations. In this updating

process, indicated in purple in Figure 7.1, the RMSg, of the measured and simulated
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vibrations is compared directly. [CS2, on the other hand, is not compared directly; rather,
ICS2 from the measurements is used to estimate pitting density, which is then compared
with the simulation. This is because it is very difficult to accurately model the effect on
vibration of fatigue pitting as it would require a very complex contact model and a much

more detailed dynamic model to replicate vibration responses over the required frequency

range.
i ) ) ) 1
; Fatigue pitting propagation :
i 1
i 1
i 1
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; Update model i
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Modify
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Figure 7.1 Basic procedure of vibration-based updating methodology for gear wear prediction

In summary, once the simulations start to drift away from actual measurements, two
separate updating procedures are executed on the wear coefficients in the two models.

The approaches for updating wear coefficients will be introduced in Section 7.3.3.
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7.3.2  Wear models: modelling surface pitting behaviours

The Archard wear model and its improvement for simulating wear induced tooth profile
change have been introduced in Chapter 6. Therefore, in this section, only the newly

developed surface pitting model is introduced.

The Lundberg-Palmgren fatigue model (Eq. (7.3)) proposed in Ref. [80] is a commonly
accepted theory for determining the fatigue life of rolling element bearings, with its
advantages including excellent performance and high computational efficiency. It has
also been applied to gear systems [200-202] to determine the gear RUL when surface

pitting propagates. It can be expressed as

1 1,(8)°N™

SN~z 0

14C)) (7.3)

where S(N, 0) is the survival probability of the gear tooth at specific rotation angle 6
after N running cycles, and ¢, m and h are the material coefficients, which are
determined by gear material properties [27]. Some parameters are determined through
Hertzian contact theory, like maximum shear stress 7, stressed volume V and depth of

the maximum shear stress z, [27, 203, 204], defined as

75(8) = 0.3 X Py (6) (7.4)
25(8) = 0.786 x b(6) (7.5)
V() = 2b(8) x 2,(0) x 21 X R(6) (7.6)

where P, 1s the maximum Hertzian contact pressure at the specific rotation angle 8,

and, b and R are Hertzian contact radius and equivalent radius, respectively.

However, from the literature review in Chapter 2, it can be found that the model has not

been developed for simulating pitting propagation behaviours. To address this issue, in
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recently published research [81], the level of surface pitting damage was assumed to be
the reciprocal of S, and the distribution of fatigue pitting on the gear tooth was modelled,
but its severity was not simulated or assessed. Inspired by this research, and furthermore
considering that the range of S is [0,1], we propose instead to approximate surface pitting

density as:
D(N,0)~1—-S(N,6) (7.7)

With this assumption, the fatigue pitting propagation behaviour can be simulated and

predicted. However, two issues remain with respect to Eq. (7.7):

1) The pitting propagation behaviour is determined by the initial contact stresses,

and any changes in these stresses due to abrasive wear are not taken into account.

2) There is no feedback mechanism to account for the fact that prior pitting

significantly affects the pitting propagation rate.

In practice, the pitting propagation rate would be affected by a number of factors, such as
lubrication quality and quantity, contact pressure distribution, surface roughness and
operating conditions, and the previous pitting density would indeed influence the rate and
nature of further pitting propagation. To address these issues, Kyjting, the surface pitting
coefficient, is introduced to update the surface pitting propagation rate based on actual
measurements. The surface pitting propagation model in Eq. (7.7) is thus further

developed into Eq. (7.8):

1
T0(O)C NV (6) (7.8)

zo(0)h

D(N,6)=1-

K .
exp ( pitting

To realise the accumulated pitting propagation behaviour, the surface pitting propagation

rate D'(N, 0) is calculated as follows:
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dD(N, 6)

dN
Kittine X To(0)¢ X V(B) X N™
Kpitting X T0(0)° X m X V(6) X N™1 x exp (— P Toio()g)h ©
= NOL (7.9)

D'(N,6) =

The surface pitting increment AD during AN running cycles is shown in Eq. (7.10):

N+AN
AD(AN, 6) = f D'(N,0) dN
N
Kpitting X TO(H)C X V(e) X N™
=exp|—
Zo(6)"
exp <_ Kpitting X To(0)¢ X V(8) X (N + AN)m>

zo(O)"
The accumulated pitting density D; 44 at N + AN running cycles is

(7.10)

Kpitting X To(0)¢ X V(0) X N™
Dit1 = D; + (exp(— —2 "
zy(6)

Kpitting X To(0)¢ X V(8) X (N + AN)™
—exp (— ZO(H)h >

where D; is the pitting density at N running cycles. It should be noted that t,(8), V(6)

(7.11)

and z,(0) will be updated based on the pitting density D;, which will be introduced below.

The surface pitting can reduce the actual contact length (B), and then affect further surface

pitting propagation, which is defined in Eq. (7.12)

B(Ni11) = Binitia1 X (1 = D(N))) (7.12)

where Bjpijtia 1S the designed gear tooth width.

Then 74(N;41), V(Ni;+1) and zy(N;41) will be calculated with previous pitting density

D(N;) based on Hertzian theory, and the pitting density D (N;, ;) can be obtained.

With Equations (7.11) and (7.12), the accumulated pitting propagation process can be
simulated. Using accumulated pitting density as in Equation (7.11), in which 7, V and
z, are functions of the number of running cycles N, allows for the fact that existing pitting

(and indeed any existing changes in the tooth profile from abrasive wear) would definitely
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promote and affect future pitting propagation. This feedback effect of both abrasive wear
and fatigue pitting can be conducted without vibration measurements, and is shown in the

blue parts of Figure 7.1.

7.3.3  Model updating procedures using measured vibrations

As introduced in the purple part of Figure 7.1, to deliver an accurate wear prediction result
in the proposed methodology, measured vibration signals are used to determine whether
any updating of the wear model coefficient K is required. The model updating procedures
for gear tooth profile change and surface pitting propagation will be introduced in this

section.

To determine whether the wear coefficient Ky, in Archard’s model requires updating,
the simulated and measured vibration signals are compared as introduced in Chapter 6.
The updating methodology is executed iteratively when the absolute error between the
simulated and experimental RMSg, values exceeds the predefined 5% threshold, and the

wear coefficient for the next iteration is calculated as follows:

— -1,
Kwear(j+1) - G(j) Kwear(j) (7-13)
where
G(jy = RMSsu{yS™D ()} /RMSs 1 {y EXPD (t)} (7.14)

in which, y®™(¢t) and y®XP)(t) are the simulated and experimental vibration signals.
This iterative loop permits a knowledge-based monitoring and prediction of the tooth
profile change. Note that the index j relating to running cycles here differs from i used in
Equations (7.11) and (7.12). While i relates to the frequency of ‘blue loop’ updates

(Figure 7.1) — the wear feedback effects contained entirely within the simulation model —
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which can be executed as often as desired, j refers to the frequency of ‘purple loop’

updates, which are executed based on measurement availability.

Since pitting severity can be estimated based on instantaneous measurements, the pitting
coefficient Kpjing can be periodically updated to account for changes in the pitting
growth rate, which might be caused by lubrication contamination or surface contact

temperature changes. In the following, the updating procedure will be introduced.

The ICS2 of measured vibrations in the low frequency region has been found to perform
very well in tracking surface pitting propagation in Chapter 4; therefore, ICS2 is
employed here as the vibration feature for the updating procedure. If the surface pitting
model performs well, the predicted pitting density should also have a high correlation
with ICS2. Otherwise, the surface pitting model parameter Ky;ting should be updated to
deliver improved pitting predictions. Note that although a good correlation between ICS2
(in the low frequency region) and pitting density (area) was found in Chapter 4, the ‘scale
factor’ is still missing, meaning the actual pitting level cannot be reliably determined
through measurements directly. At least one detailed inspection of the gear surface is
therefore required to find this ‘scale factor’, which will be introduced in the updating

procedure below.

In Chapter 4, the coefficient of determination R? is used to quantify the correlation
between measured pitting density and ICS2 of measured vibrations, and a linear
relationship was found. In the case of a single regressor, fitted by least squares, the
coefficient of determination R? is the square of Pearson’s correlation coefficient C [205].
Thanks to its clear analytical expression and simple computational procedure, Pearson’s

correlation coefficient [206] is used in this study to find the optimal Kp;tting, €nsuring the

ICS2 of measured vibrations and predicted pitting density are well correlated.
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The predicted pitting density array can be defined as X = [Dj_l, D;, D]-+1] and measured

Dj_1+Dj+ Dj+1

ICS2 array as Y = [ICS;_;,1CS2;,1CS2;,,] . Taking x = .

and y =

ICSj_1+ICS2j+ICS2j4q
3

, the correlation coefficient C between X and Y is given by:

(Dj—y —%)(1CS2;_, — ¥) + (D; — %) (1CS2; — ¥) + (Dj41 — %) (ICS2j41 — ¥)

C =
\/(Dj_l — %)+ (D= %) + (Djyy — ;z)z\/(lcszj_1 — )"+ (1c52; — )" + (ICS2, — 7)"

(7.15)

Now define correlation coefficient C as a function of Kp;ting:

C(Kpitting) = f(Kpitting); Kpitting € [0, +o0) (7.16)

If the surface pitting model needs to be updated due to changes in the pitting propagation

rate, the updated K, should maximise the correlation coefficient C, at which

ittingupdated

point the derivative of C should be 0:

C (Kpittingupdated) =0 (7.17)

It should be noted that only three ICSZ; values and predicted surface pitting densities D;

are used to conduct the correlation analysis, which ensures the correlation coefficient C
i1s highly sensitive to changes in the pitting growth rate so that the optimal pitting

coefficient Kpjiing can be obtained.
The detailed updating procedure for Kpjtting 1S summarised as follows:

Step 1: measure ICS2 to identify the specific pitting occurrence time and define it as j =
0. Note: after the run-in period, the propagation of surface pitting should lead to an

increase in ICS2 of measured vibrations as presented in Chapter 4;

Step 2: use mould image [128] if possible (or visual inspection) to obtain the actual pitted

density: D,crual (NO) and Djcya (Nl);
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Step 3: procedures to determine the simulated pitting density D (N,) and predict pitting

density D(N3) are as follows:
1) Build vibration reference [ICS2,,1CS2,,1CS2,];

2) Use surface pitting model to obtain the simulated pitting density D (N,) with an

initial pitting coefficient Kpitting (2);

3) If the Pearson’s correlation coefficient C between [ICS2,1CS2,,1CS2,] and
[Dactual (No), Dactual(N1), D(N,)] is greater than 0.95, it means the surface pitting
model at time j = 2 performs well, and so Kpitting(3) = Kpitting(2) can be used
to predict surface pitting density D(N3) at time j = 3;

4) If the Pearson’s correlation coefficient C between [ICS2,,1CS2,,1CS2,] and
[Dactual (No), Dactual(N1), D(N,)] is less than 0.95, it means the simulated surface
pitting density D (N,) is not correct, and the surface pitting coefficient needs to be

updated to obtain Kpitting (2).

With the above-mentioned updating approach (see Eq. (7.17)), the optimal Kpjtting(2)

can be determined (then obtain updated D(N,)), which produces a strong correlation
between [ICS2,,1CS521,1CS2;] and [Dgeuai(No), Dactuar (N1), D(N,)]. After that, set

Kpitting(3) = Kpitting (2)updatea to predict pitting density D(N3) at time j = 3;

Step 4: Repeat the above-mentioned process. At time j, current surface pitting coefficient
Kpitting () = Kpitting(J — 1), and the predicted pitting density is D(N]) If the correlation
coefficient C between [D (Nj_z), D(Nj_l), D(N])] and [ICSZj_z, 1CS52;_,, ICSZj] is

greater than 0.95, it means the current predicted pitting density D(N]) is correct. And

then set Kpitting(j + 1) = Kpitting () to predict the pitting density D(N]-+1) at time j + 1.
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Otherwise, the above-mentioned updating approach (see Eq. (7.17)) is used to obtain the

updated pitting coefficient Kpitting () updatea and the corresponding new predicted pitting
density D(N]) After that, set Kpitting(J + 1) = Kpitting() updatea to predict the surface

pitting density at time j + 1.

Note that after attempts to update, the 95% threshold for the correlation coefficient
between measured ICS2 and predicted surface pitting density cannot be achieved,

K,

pitting(J) and Kpiting(J + k) will be set to 0. This condition would likely be caused by

a reduction in ICS2, but the proposed pitting model assumes ever-increasing pitting
density. In reality, when surface pitting density starts to decrease, it means the gear should
be replaced due to the presence of severe surface pitting [207]. This will be demonstrated

in the results in Section 7.4.1.

7.4 Test and Results

Two run-to-failure experiments were conducted under different lubrication conditions
(lubricated and dry test) to demonstrate and verify the effectiveness of the proposed

methodology in wear prediction.

The details of test programs and experimental data collection have been presented in
Chapter 3, therefore, these two tests will not be introduced in this chapter to avoid

repetition.
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7.4.1 Monitoring and prediction of surface pitting and mild tooth profile change during

the lubricated test

Two wear events presented in the lubricated test: surface pitting propagation and mild
abrasive wear, leading to modest gear tooth profile changes. This allows for testing of the
proposed method on both wear types using the same dataset. The collected moulds during
the tests were imaged using a laser scanning confocal microscope (LSCM). The tooth
profile change (see Figure 7.2 and Figure 7.3) and the actual pitting density (see Figure
7.4) were then quantified using the images and used as references to check the monitoring
and prediction results [128]. Note that both the tooth profile change and pitting density in
Figure 7.2, Figure 7.3 and Figure 7.4 are obtained from the pinion’s mould images. The
combined tooth profile change can be calculated based on the gear ratio (the pinion’s
profile change accounts for 73% of the combined tooth profile change). As for the surface
pitting propagation, much less pitting was observed on the driven gear surface, and the
occurrence of pitting on the driven gear was greatly delayed. Thus, the total pitting density
of the gear pair can be represented by the pinion’s pitting density. The measured pitting
density will be used to check the effectiveness of the proposed method in surface pitting
propagation monitoring and prediction. A run-in period took place from 0 to 0.12 million
cycles, during which the roughening marks were worn away. From Figure 7.4, it can be
found that surface pitting started to propagate from 0.12 million cycles, and the pitting
density mainly kept increasing until 2.12 million cycles. From 2.12 million cycles to 3.25
million cycles, the pitting density started to decrease. It appears that in this period the
generation of new pits was outweighed by the filling-in of existing cavities, perhaps from

wear debris pressed into the cavities under the meshing load [142].
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Figure 7.2 3D image of the mould profile collected from pinion at 0.35 million cycles (SAP: start of
active profile, EAP: end of active profile) during the lubricated test
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Figure 7.3 Lubricated test: The average profiles of pinion at different running cycles (see the locations of
SAP and EAP in Figure 7.2)
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Figure 7.4 Lubricated test: Pitting density of pinion obtained from moulds: red dots represent: 0.12
million cycles, when surface pitting was detected; 2.12 million cycles, the point of maximum pitting
density; and 3.25 million cycles, the end of the test

Monitoring and prediction of change in tooth profile

This sub-section investigates the application and performance of the proposed
methodology in monitoring and predicting wear induced tooth profile changes. First, to
determine the best vibration feature for tracking mild profile changes under lubricated
conditions, the number of gear mesh harmonics included in RMSg, (Eq. (7.1)) is
investigated. Then, with the help of the selected wear-relevant vibration feature, the
profile change monitoring and prediction results are presented and compared with the

actual measurements.

Due to the continual lubrication provided by the oil bath, this test was characterised by a
low wear rate and a relatively smooth worn tooth profile, as shown in Figure 7.3. Gear
teeth with different profile shapes can affect different gear mesh harmonics directly [25],

and here the required number of harmonics to sufficiently represent the profile change is
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investigated. Figure 7.5 shows the change in gear mesh harmonics of measured vibrations
throughout the test. It shows that the first two harmonics change more significantly than
the others. To determine the optimal number of harmonics to be used, correlation analysis
between the vibration indicator RMSg, and the wear depth (calculated based on mould
images shown in Figure 7.3) with different numbers of gear mesh harmonics included
(see Eq. (7.1)) was conducted. More specifically, the Pearson correlation coefficient is
used to quantify the similarity between the two variables: RMSg, and wear depth. The
results show that tooth profile change can be represented with the first two gear mesh
harmonics, and Figure 7.6 demonstrates a strong relationship between RMSgs (N = 2) of
measured vibration and wear depth. Therefore, in this study, RMSg, (N = 2) will be used
as the vibration feature to be compared with measured vibrations for the monitoring and

prediction of tooth profile changes in the lubricated test.
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Figure 7.5 Changes in gear mesh harmonics of measured vibrations during the lubricated test (the first ten
gear mesh harmonics)
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Figure 7.6 Lubricated test: RMSg, (N = 2) of measured vibrations and wear depth change obtained from
mould images as shown in Figure 7.3

For comparison purposes, the relationship between RMSgy (N = 2) of measured
vibration and measured pitting density also presented in Figure 7.7. From Figure 7.7, it
can be found that there is a poor relationship between RMSg, (N = 2) and measured
pitting density. Therefore, ICS2 will be used as the vibration feature in the proposed
method to help monitor and predict the pitting propagation, which will be introduced in

this section later.
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Figure 7.7 Lubricated test: RMSg, (N = 2) of measured vibrations and measured pitting density as shown
in Figure 7.4

As introduced in Chapter 5, with the help of measured vibrations, the dynamic model was
first calibrated at 0.12 million cycles (after the run-in period) to guarantee the simulated
vibration signal and contact forces are sufficiently close to those of the actual test rig.
Then, the initial wear coefficient Ky, in the Archard wear model was calibrated to be
3.55 x 1071%Pa~1, with the help of the measured vibration signal at 0.27 million cycles.
This wear coefficient calibration step can be recognised as the execution of the first

updating of the wear coefficient Kyya,p-

In the further wear propagation process, because the error between the RMSg, value of
the simulated and that of the measured vibration signals exceeds the predefined 5%
threshold, three more updates of K, ., Were executed, at 0.57, 1.43 and 2.19 million
cycles. The updated wear coefficients are 4.03 X 10719, 1.44 x 1071° and 3.97 X
1071%Pa~1, respectively. The relationship between measured RMSg, and simulated

RMSg, is given in Figure 7.8, showing that the error between them remains within 5.0%
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after necessary updating of the wear coefficient. The tooth profile change monitoring and
prediction results are plotted in Figure 7.9, illustrating that the maximum error between
predicted and measured wear depth is 4.7 %. The specific points when updates were
executed are indicated using grey dashed lines in Figure 7.9. The tooth profile change is

therefore well monitored and predicted using the proposed methodology.
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Figure 7.8 RMSg, (N=2) comparison results of the lubricated test: experiment and model
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Figure 7.9 Mean wear depth comparison results of the lubricated test: experiment and model. Note: grey
dashed lines indicate when updates are executed

Note that there are two wear rate changes observed in Figure 7.9. Possible explanations
for these changes are as follows. The manufacturing marks on the driven gear have been
significantly removed during [1.41~2.12] million cycles. The same phenomenon was
observed in Ref. [128]. Thus, a plateau wear rate occurs during this period. After 2.12
million cycles, the involute profile of the gear tooth becomes flat, and the contact area of
engaging tooth pairs increased. As a result, the tooth profile change rate might increase

significantly [208].

The monitoring and prediction results with several limited wear coefficient updates (not
all necessary updates) are also demonstrated in Figure 7.9, i.e., the first and third updates
of Kyear- It can be seen that the abrasive wear rate changed significantly during the
lubricated test, and that if the wear coefficient were not able to be updated it would lead
to very large errors in wear depth prediction. In general, with more wear coefficient

updates, increasingly accurate prediction results can be achieved. Therefore, to guarantee
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accurate wear prediction results, regular comparisons with measurements and (where

required) updates to the wear coefficient are recommended.

Surface pitting propagation monitoring and prediction

Based on observations during the lubricated test, the surface pitting initiates at the
dedendum of the gear tooth, and then propagates to the pitch line and finally to the
addendum, as shown in Figure 7.10. In the proposed methodology, with the dynamic
contact force outputted from the dynamic model, the pitting propagation behaviour can
be simulated using the developed surface pitting model, as shown in Figure 7.11. From
Figure 7.11, it can be seen that according to the developed model, the surface pitting also
initiates at the gear tooth root and then propagates to the pitch line. The trends shown in
Figure 7.11 match the actual pitting propagation trends shown in Figure 7.10, suggesting
the developed surface pitting model has the ability to simulate accurately the surface
pitting propagation behaviour. Note that the dynamic force has several spikes, it is caused
by the resonances of the gear system and a similar phenomenon was observed in Ref.

[171]. More explanations on this phenomenon can refer to Section 5.3.

600 pm :

© Pitch line

Figure 7.10 Lubricated test: Optical images of pinion tooth surfaces taken from moulds by optical
microscope with a 5% magnification objective lens. Image size: 2.8mm *%2.11 mm (a) 0.1296 million
cycles, (b) 0.8178 million cycles, (¢) 1.7175 million cycles [142]

Using the developed surface pitting model and the proposed wear monitoring

methodology, the surface pitting propagation can be monitored and predicted. The
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relationship between predicted pitting density and ICS2 is shown in Figure 7.12. It can
be seen that the ICS2 of measured vibration correlates well with the predicted pitting
density (after the run-in period, from 0.12 million cycles to 2.00 million cycles). The
magnitude of surface pitting coefficient Kpjiting is first calibrated to be 5.64 X 10715
using the mould images captured at 0.12 and 0.27 million cycles. This calibration of

Kpitting can be recognised as the first update.
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During the further pitting propagation process, six more updates of Kpjiring Were
executed, prompted by Pearson’s correlation coefficient C between measured ICS2 and
predicted pitting density falling below the predefined 95% threshold. These updates were
at 0.51, 0.56, 1.02, 1.11, 1.97 and 2.12 million cycles, respectively. The final update at

2.12 million cycles sets Kpjtting to 0 because the 95% threshold for € cannot be achieved.

Figure 7.13 shows the pitting prediction results compared with the actual measured pitting
densities using mould images. From the comparison, it can be seen that the surface pitting
propagation is very well monitored and predicted after all necessary updating (before 2.00

million cycles).

Note that from 2.00 million cycles to 3.25 million cycles, the measured pitting density
decreased slightly. The tooth profile started to change rapidly in this period, caused by
increased abrasive wear. Because the developed surface pitting model is designed to
represent accumulated pitting behaviour on the assumption that pitting density cannot
decrease, therefore, the stabilisation stage (2.00 million cycles to 3.25 million cycles) was
not simulated and predicted in this study. During this stage, the pitting coefficient is set
to 0 automatically, and the predicted surface pitting density remains a constant value.
Moreover, at 2.00 million cycles the pitting density is already 17.4%, and according to
the ASM Handbook [207], the gear should be scrapped, and could thus be considered
already to have failed. That is, the proposed method delivers excellent pitting prediction
results over the most meaningful phase of the gear’s degradation, from 0.12-2.00 million

cycles.

Figure 7.13 shows the prediction results if only earlier updates of the pitting coefficient,

the first and the fourth, were used. Here it turns out that the ‘point of failure’ (~2 million
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cycles) is in fact better predicted using the fourth update of Kp;tting than the first, and a

more accurate prediction result can be expected with more updates.

Note that in the proposed methodology, the tooth profile is continually updated through
the improved Archard wear model (introduced in Chapter 6) to provide updated contact
pressure to the surface pitting model, which is used for predicting pitting propagation. In
turn, the occurrence of surface pitting affects the effective contact width, resulting in a
change in the contact pressure. This is a two-way relationship between surface pitting
propagation and tooth profile change. The comparison analysis between measurements
and simulations can guarantee accurate tooth profile change prediction and surface pitting

propagation prediction results, as shown in Figure 7.9 and Figure 7.13.
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Figure 7.12 Comparison results: ICS2 of measured vibration and predicted pitting density based on model
(after updating)
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Figure 7.13 Pitting density comparison results: experiment and model-based prediction. Note: grey
dashed lines indicate when updates are executed

7.4.2  Monitoring and prediction of severe tooth profile change during the dry test

Compared with the lubricated test, the dry test represents an extreme case, with severe
abrasive wear and a correspondingly large change in the tooth profile, but very little
surface pitting propagation (as demonstrated in Figure 7.14). The proposed approach is

however still effective under dry conditions, as will be demonstrated in this section.

As with the lubricated test, this section first investigates the number of gear mesh
harmonics required in the vibration feature to accurately track the severe tooth profile
changes. Figure 7.15 shows the evolution in the amplitudes of measured acceleration
signal of the first 10 gear mesh harmonics during the test, from which it can be seen that
the first six harmonics change significantly. To find the required number of harmonics
for tracking profile changes in this test, correlation analysis between the wear depth
(calculated based on the weight of collected wear particles) and the vibration indicator

RMSg, with different numbers of gear mesh harmonics (absolute values) was conducted.
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The results show that severe tooth profile changes can be represented with the first six-
gear mesh harmonics, and Figure 7.15 demonstrates this by showing the strong
relationship between measured RMSg, (N = 6) and measured wear depth based on
collected wear particles. Therefore, for this test, RMSg, (N = 6) was used as the vibration
feature to compare the measured and simulated vibrations for tooth profile change
monitoring and prediction. Compared with the lubricated test, severer tooth profile
change occurs during the dry test, therefore, more gear mesh harmonics (the first six) are
required to represent the worn tooth profile, while, only the first two gear mesh harmonics
are required to represent the tooth profile change during lubricated tests. This

phenomenon also has been discussed in Section 7.2.
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Figure 7.14 Gear tooth profile and surface morphology of the dry test at 0 and 0.04 million cycles (SAP:
start of active profile, EAP: end of active profile)
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The Archard wear model parameter K, can be updated (if necessary) with the
procedure discussed in Section 7.3.3 at each measured time. The trends of RMSg, and
mean wear depth vs wear cycles (rotations of the pinion) are plotted in Figure 7.17 and
Figure 7.18, respectively. Two updates were executed during the short dry test, when the
error between the RMSg, value of the simulated and measured vibration signals exceeded
the predefined 5% threshold. With the help of measured vibration at 0.007 million
running cycles, the wear model parameter was found/calibrated to be 1.65 X 107%Pa™1,
and the predicted mean wear depth was estimated at 12.92 pm. This calibration can be
considered the first update. After that, the simulated RMSg, and estimated wear depth
match well with experiments until the second update was triggered at 0.025 million cycles,
and the wear model parameter K.y, was updated to 2.19 X 107%Pa~?1, after which the
wear model gives good prediction results for the remainder of the test. From Figure 7.17,
it can be found that the maximum error between predicted wear depth and measured wear
depth is 4.5% . Therefore, with a vibration feature based on gear mesh harmonics
combined with an improved Archard model, the proposed surface degradation monitoring
and prediction methodology has an excellent performance in tracking and predicting the

tooth profile change (in terms of wear depth) under dry conditions.
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The tooth profile prediction results with one update/calibration of K¢, are also shown
in Figure 7.18 for comparison purposes. It can be seen that the wear rate changes

significantly around 0.018 million cycles, and so without the second updating of Kyear,

there would be a significant under-estimation of the future wear level.

During the dry test, almost no surface pitting was observed from the mould images (as
shown in Figure 7.14), and ICS2 of the measured vibrations keeps fluctuating during the
wear propagation, as shown in Figure 7.19. Based on the rules introduced in Sections
7.3.3, the surface pitting coefficient was set to zero, and the predicted pitting density is
0% during the dry test. This is consistent with the observation in Ref. [82] that the

dominant wear phenomenon in this test is tooth profile change, and very little or no
surface pitting occurs.

175



7.5 Summary

In this chapter, a vibration-based surface degradation monitoring and prediction
methodology was proposed to monitor and predict the two common wear events in gears:
gear tooth profile change, and surface pitting propagation. Based on the literature review
and discussion in Section 7.1, there is no digital twin approach that can monitor and
predict the two wear events simultaneously. In the proposed methodology, a simple
vibration feature based on a few gear mesh harmonics is used for tracking gear tooth
profile changes under different lubrication conditions, and an improved version of
Archard’s wear model (introduced in Chapter 6) is used in combination with a gearbox
dynamic model to predict future worn tooth profiles. An effective and efficient surface
pitting model was also proposed in this chapter, and the level of second-order
cyclostationarity (ICS2) in the measured vibration signal was used for tracking surface

pitting progression.

A key component of the methodology is that through regular and intelligent use of
measured vibration signals, the parameters of the two wear models can be updated as
necessary, ensuring wear predictions that tend to improve over time. Unique among
existing studies in gear-wear prediction, the interaction of the developed dynamic and
wear models, along with this updating capability, deliver an approach that is able to
monitor and predict the two common wear events (profile change and surface pitting)
simultaneously and under different lubrication conditions. Although two calibration steps
are required by the approach — one for the dynamic model and one for relating ICS2 to
the pitting level — the models are relatively simple. The flexible and evolving nature of
the prediction approach means that it could be easily deployed within existing digital twin

frameworks, bringing significant potential benefits to gear prognostics in practice. In
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summary, in this chapter, novel gear surface degradation prediction models and schemes
are proposed. Through regular and intelligent use of measured vibration signals, the
models can be updated as necessary, ensuring accurate predictions of gear wear

propagation can be delivered.

The main limitation of the method in its current form is that a scan (or perhaps a close
visual inspection) of the gear surface is required to find the ‘scale factor’ between ICS2
and the actual pitting level, and this requires that the gearbox be stopped and partially
dismantled. Another option is that the scan could presumably be done by endoscopic
examination, with almost no dismantling, just access through a small inspection cover;
this is widely practised with wind turbine gearboxes [209]. It has also been found that
ICS2 tends not to track pitting levels well in the initial stages. To deliver improved pitting
propagation predictions, a good future contribution would therefore be to establish a more
definitive relationship between ICS2 and pitting level or in developing a more reliable

pitting-sensitive vibration indicator.
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Chapter 8 Conclusions and future work

The conclusions and recommendations for future research work are presented in this
chapter. The chapter begins with a summary of the outcomes of this thesis, regarding the
proposed research objectives. Then, the limitations of the studies are discussed, followed
by suggested future research directions that would improve the presented work in this

thesis.

8.1 Summary of findings and contribution to research

This thesis investigated the interconnection between vibration characteristics and gear
wear through signal processing algorithms and modelling techniques to realize accurate
gear wear monitoring and prediction using vibration-based techniques. This section

summarises the main outcomes of this thesis guided by research objectives.

e Identification of gear wear mechanism and tracking wear evolution using

cyclostationary properties of measured vibrations (Objective 1)
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A novel relationship is proposed in Chapter 4 to represent the internal connection
between vibration characteristics and gear surface features. More specifically, the
link between the carrier frequency of vibrations f,, and spatial frequency of gear
surface f; was built. The proposed relationship is wvalidated through the
cyclostationarity analysis of vibrations and power spectral density (PSD) analysis of

the scanned gear surface images.

Based on the achieved understanding from the derived equation, a vibration-based
gear wear mechanism identification approach is proposed. More specifically, through
the use of cyclostationary properties of vibrations, the abrasive wear and fatigue
pitting are separated and identified via spectral coherence map and ICS2-based band
selection results. This developed novel online gear wear mechanism identification
approach avoids interruption of the operation of the gearbox (in the case of visual
inspection, which is the most widely used approach for identification of wear
mechanism at present) or a delay in analysing wear debris generated from gear

surface, making it be a more practical tool in industry practice.

Moreover, with help of the derived equation and indicator of vibration
cyclosationarity, an informative vibration frequency band can be determined, then
the fatigue pitting and abrasive wear propagation can be well tracked and monitored
using ICS2 of vibration in the corresponding selected appropriate frequency bands.
Differently from previous works, the carrier frequencies (spectral content) of the
gearmesh-cyclic CS2 components are analysed and used in this research to

distinguish and track the two wear phenomena.

Dynamic model development (Objective 2)
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A comprehensive dynamic model is developed in Chapter 5, based on the UNSW
spur gearbox test rig. And there is no published work on modelling this test rig, whose
layout is shown in Figure 3.2. After a series of necessary model validations and
calibrations, the natural frequencies of the developed dynamic model and time
waveforms match well with the measurements from the actual gearbox transmission
system. Thus, the dynamic model can generate contact force and vibration responses,
which are close enough to the actual test rig. The developed dynamic model can
provide insights into the coupling effects between gear wear and gear dynamic
characteristics (e.g., contact force and vibrations). This can benefit the gear
maintenance schedule to minimize the consequences of gear wear on the service life

of the gear system.

e Monitoring and prediction of tooth profile changes during wear progression

(Objective 3)

A novel vibration-based updating scheme is developed in Chapter 6 to monitor and
predict the gear tooth profile change during gear wear propagation. Unique to
previously published work, such as Refs. [21, 92, 184], in the developed vibration-
based updating scheme, measured vibrations are compared with simulated vibrations
from the dynamic model, to update the coefficient K¢, When a deviation from
predictions is detected. The developed methodology can track and correct for
changes in the gear wear rates, thus allowing reliable gear wear prediction. In
addition, the vibration signals can be easily acquired without disturbing the operation
of the gearbox, and no gearbox stoppage or disassembly is required to obtain the wear

mass (as presented in Ref. [24]).
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In the proposed wear prediction scheme, the Archard wear model is improved with
consideration of the effect of Hertzian deformation, giving a contact area rather than
a line. The improvement makes the calculated wear profile distribution is more
reasonable and realistic compared with the original Archard wear model used in the

study [21].

e Development of a digital twin approach for monitoring and prediction of surface

pitting and tooth profile changes (Objective 4)

A vibration-based surface degradation monitoring and prediction methodology is
proposed in Chapter 7 to monitor and predict the two common wear events in gears:
gear profile change (e.g., from abrasive wear), and surface pitting propagation.
Through regular and intelligent use of measured vibration signals, the parameters of
the wear models can be updated as necessary, ensuring wear predictions that tend to
improve over time. It is a novel work since no research have been published to report
a digital twin methodology that can predict two wear events propagation and

validated its effectiveness using measurements from gearbox tests rig.

To simulate the surface pitting propagation behaviours, an efficient pitting
propagation model is also developed based on the Lundberg Palmgren model [80]
and presented in Chapter 7. With the developed fatigue pitting model, the
accumulated pitting propagation process can be simulated and the impacts on pitting

propagation rate from the prior pitting are also taken into consideration.

To conclude, in this research, the wear propagation phenomenon and its consequences on
gear tooth surface have been comprehensively investigated and studied with the use of
vibration analysis techniques, including signal processing algorithms and modelling

methodology. To realize gear wear monitoring, a vibration-based integrated system is
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developed. With the developed integrated system, the gear wear mechanism can be
identified on-line and then its propagation can be well tracked using the developed digital
twin approach, so that the remaining useful life of the gear system can be predicted. The
developments for gear wear monitoring and prediction in this research bring significant

benefits to the research community and industrial practices.

8.2 Recommendations for future work

In this research, vibration-based gear wear monitoring techniques are developed and
applied to wear mechanism identification and wear prediction of the fixed-axis gearbox.
Considering the kinematic characteristics of the gearbox transmission systems are similar,
therefore, the techniques developed in this research should be tested on other gear types

and gearing arrangements, including planetary gearboxes, and industrial practices.

Even though the theoretical developments in this research are validated through the
relevant experimental investigations, some limitations still exist in the developed
techniques presented in this thesis, which will be pointed out as follows, together with

corresponding recommendations for future improvements.

1. The limitation of using ICS2 to monitor the fatigue pitting and abrasive wear
propagation is that the real wear severity can not be directly assessed from the ICS2
trend, since the mathematical relationship between ICS2 trends and the real severity
of gear wear has not been derived in Chapter 4. Therefore, future work will focus on
establishing the mathematical relationship between ICS2 and wear severity using the
regression analysis theory [210, 211], so that the real wear severity can be quantified

once the measured vibration is acquired.
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There is a limitation of using the Archard wear model to present the wear induced
tooth profile change. The Archard model is modelling a significant component of the
geographical variation of wear along the tooth flank, more complex dynamics can
contribute significantly to the evolution of the wear profile geometry. Therefore, in
future work, model development that has the capability of modelling complex wear
profile geometry will be considered, such as using Legendre Polynomials [25].

In the vibration-based gear wear monitoring and prediction methodology developed
in Chapter 7, the ICS2 of measured vibration is used to compare with the predicted
fatigue pitting density, and then update the surface pitting coefficient Ky jr¢ing if
necessary. This approach should deliver an accurate prediction of overall surface
pitting severity representing an average across the whole surface; however, it can not
provide information on the pitting distribution on the gear tooth (from root to tip).
Therefore, vibration features that can accurately represent the surface pitting

distribution are extremely valuable and should be studied in the future.
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