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Abstract 

 

 

Condition-based health diagnostics of critical machine elements like planetary gears 

and bearings via processing of measured vibration signals play an important role in 

improving the reliability of industrial machines. Gear and bearing faults can be diagnosed 

using different frequency and time-frequency domain approaches, as they occur at 

specific fault characteristic frequencies. However, in practice almost all industrial 

machines experience different levels of speed variations during operation that challenge 

the practical implementation of these approaches because of problems like smearing of 

the measured signal spectrum. To address the issues arising due to operating speed 

fluctuations, this thesis develops (1) a spectral smearing alleviation technique, (2) an 

adaptive diagnostic technique under speed fluctuations, and (3) a deep learning based 

time-frequency image classification and enhancement technique for automatic fault 

diagnostics.  

For the smearing alleviation technique, a framework is proposed that utilises fast 

dynamic time warping (FDTW) to optimally align a filtered shaft vibration signal and a 

simple sinusoidal reference signal of constant frequency to resample the measured 

vibration signal to the order domain by using the points of the optimal warping path. As 

the reference signal is built using a constant frequency, it is observed that the application 

of the FDTW based approach squeezes the time-dependent shaft rotational frequency and 

its harmonics towards their corresponding constant peaks through the optimal alignment 

of corresponding similar data points, which results in a clearer vibration spectrum. The 

FDTW based smearing alleviation technique is demonstrated for both small and large 

speed variation cases. This technique is then extended to propose a fault diagnostic 
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approach by adaptively extracting the shaft vibration signal from the measured vibration 

signal using the variational mode decomposition, instead of the manually intensive band-

pass filter. Finally, an automatic fault diagnostic approach based on time-frequency (TF) 

image classification using a transfer learning based CNN architecture is proposed. A TF 

image enhancement approach using generative adversarial networks (GANs) is also 

proposed to analyse short-time Fourier transform (STFT) based TF images of non-

stationary machine vibration signals. The techniques developed in this thesis do not 

require the use of auxiliary speed measuring sensors for their implementation, as such 

sensors are generally not available in an industrial setting. 

The effectiveness of the techniques developed in this thesis has been validated through 

simulation analyses and experimental investigations using measurements from a 

mechanical fault simulator, an electromechanical drivetrain test-rig, and different wind 

turbine drivetrains. 
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Chapter 1  

Introduction 

 

This chapter starts by presenting an overview of fault diagnosis in rotating machines 

followed by a discussion on the specific research problem to be addressed in this thesis. 

The aim and objectives of this research are also presented along with a discussion on the 

thesis outline and organisation. 

1.1. Background 

Rotating machinery play an important role in modern industries. However, they 

generally operate under tough working environment resulting in damage of their key 

components like gears and bearings [1]. Failure of such rotating equipment may result in 

the catastrophic collapse of an entire industrial system, thereby reducing productivity and 

reliability. For example, a failure of the gearbox can cause a catastrophic damage to a 

wind turbine, as shown in Figure 1. 1(a) or a failure of wagon axle mounted bearings can 

cause derailment, as shown in Figure 1. 1(b) [2, 3]. These failure events, in turn, result in 

unplanned downtime leading to major capital losses and may even lead to health and 

safety problems. Therefore, it is necessary to implement a robust monitoring system that 

provides incipient defect warning in the early stages of performance degradation and help 
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in scheduling the maintenance to avoid system failures. In general, a condition monitoring 

system (CMS) consists of a diagnostic module, where key health parameters of the 

machines are monitored using sensor-based measurements. Any variation in the 

monitored parameters due to changes in the measured signal characteristics may be 

indicative of a developing fault within the system [1, 4, 5]. 

 

Figure 1. 1 (a) Wind turbine failure due to gearbox damage [2]. (b) Derailment due to bearing damage 

[3]. 

 

Vibration analysis is one of the most effective diagnostic techniques, which relies on 

analysis of periodic events occurring in the system using vibration signals [1, 6]. For 

instance, a localised defect in a gear tooth causes periodic modulations in amplitude and 

phase of the measured vibration signal [7]. These modulations cause sidebands, which 

occur at the fault characteristic frequencies (FCFs), to appear around the gear-mesh 

frequency (GMF), and its harmonics [8]. The presence of the sidebands is used as an 

indicator to identify the gear faults in the frequency domain. The frequency-based spectral 

analysis approach is also applicable in case of other critical machine elements like 

bearings. However, these methods are only valid under constant speed regimes. In 

practical operations, inherent fluctuations in machine speed lead to non-stationary nature 

(a) (b) 

Direction of travel 
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of the measured signals that challenges practical implementation of traditional diagnosis 

methods.  

 

Figure 1. 2 Spectrum of gear vibration signal under constant and variable speed conditions. 

 

The presence of speed fluctuation in a measured vibration signal makes it difficult for 

the classical fast Fourier transform (FFT) based methods to diagnose faults because the 

spectral lines of the constituent frequencies will widen leading to spectral smearing, as 

shown in Figure 1. 2. However, even though the periodicities in rotating machine 

vibration signals are lost in the time domain due to presence of speed variation, this 

periodic nature is preserved in the angular domain due to the signals being intrinsically 

angle-cyclostationary [9]. The concept of cyclostationarity has been successfully used to 

explain the signal characteristics of rotating machine components, like gears and 

bearings. By definition, an nth-order cyclostationary (CS) signal has periodic statistics of 

order n, i.e., a first-order cyclostationary (CS1) signal is characterised by a periodic mean, 

whereas a second-order cyclostationary (CS2) signal is characterised by a periodic auto-

covariance function [10]. As the periodic patterns of machine signals are essentially 

locked to the angular positions of a machine shaft, the cyclostationary property remains 

valid in the angle domain under speed variations. Order tracking (OT) takes advantage of 
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this phenomenon by sampling signals at equi-angular intervals instead of time intervals 

[11, 12]. This angular domain resampling is generally realised using the instantaneous 

rotating speed information of the machines, which is measured using auxiliary sensors 

like tachometers. However, in industrial set-ups the reference speed signals are not always 

accessible due to non-availability of extra sensors. To address these issues, tacho-less 

order tracking methods [13], in which the rotating speed information is estimated from 

the measured vibration signal itself, have gained particular research attention.  

In addition to the frequency-based methods, several diagnostic approaches also 

analyse vibration signals in the time-frequency domain [14]. Time-frequency (TF) 

domain methods are efficient in handling signals measured under speed variations as they 

can depict the signal frequency composition and time-varying pattern in a joint time-

frequency domain. However, TF-based techniques require a high resolution in both time 

and frequency necessitating high sampling rates for a large amount of time to generate a 

suitable time-frequency representation (TFR) of the measured signal [15]. For example, 

linear TFRs like the short-time Fourier transform (STFT) are an integral transform with 

a predefined basis function that is subject to the Heisenberg uncertainty principle and thus 

exhibit limited time-frequency resolution [14-17]. A low resolution TFR generally fails 

to reveal the instantaneous fault characteristic frequencies (IFCF) and their higher 

harmonics, making it difficult to use them for reliable fault diagnosis, especially while 

using TFR based feature extraction for artificial intelligence based automatic fault 

predictions in variable speed regimes.  

Thus, evaluating and developing robust techniques that can efficiently handle non-

stationary measurements is an important research aspect in the field of machine health 

diagnostics and condition monitoring.  
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1.2. Thesis aims and objectives 

The aim of this thesis is to develop robust strategies for alleviating the effect of non-

stationarity in measured vibration signals for reliable health diagnostics of industrial 

machines during speed fluctuation regimes. It is proposed to achieve this aim by focusing 

on the following objectives: 

1. Investigate vibration signal characteristics of critical machine components, like 

gears and bearings, to understand their failure mechanisms 

2. Develop tacho-less fault diagnostic methods for critical machine components 

operating under realistic conditions like variable operating speed 

3. Develop AI based methods for (a) automatic classification of machine health 

status, and (b) enhancement of time-frequency images of machine vibration 

signals for reliable fault diagnostics 

4. Experimental validation of the developed methods using vibration measurements 

from bearings and gears 

1.3. Thesis contribution 

The presence of operating speed fluctuation based smearing in machine vibration 

spectrum limits the use of traditional fault diagnostic techniques. Recently, researchers 

have gained interest in developing tacho-less order tracking methods for machine health 

diagnostics under speed fluctuation [18, 19]. However, most of these methods are 

dependent on the generation of computationally expensive high-resolution TFR of the 

vibration signal for accurate estimation of the rotating shaft frequency. Therefore, there 

is a constant need to develop new OT techniques to overcome the challenges of the TFR 

based OT methods. Moreover, the ever increasing demand for having less expert 
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knowledge in real signal analysis tasks and the advent of Industry 4.0 has prompted the 

need to develop more adaptive and automatic fault diagnosis strategies under speed 

fluctuation induced non-stationarity conditions [20, 21]. 

The key contributions made by this thesis to the state-of-the-art include: 

1. Development of a novel spectral smearing alleviation technique to handle non-

stationary vibration signal of bearings and gears without the use of any auxiliary 

tachometer signal even in presence of large operating speed variations. 

2. Development of a self-adaptive fault diagnosis strategy for gearboxes, without 

extensive manual intervention. 

3. Development of a deep-transfer learning based automatic fault classification 

strategy and a generative adversarial network (GAN) based time-frequency image 

enhancement strategy to reveal true instantaneous frequency characteristics of 

machine vibration signals. 

1.4. Thesis organisation 

The outline of the thesis is graphically represented in Figure 1. 3.  

Chapter 1 defines the background of this research, along with discussing the aims, 

objectives, and structure of the thesis.  
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Figure 1. 3 Graphical overview of the thesis. 

 

Chapter 2 presents a comprehensive literature review on vibration based fault 

diagnostics of gears and bearings under variable speed regimes.  

A part of the literature review has been published as a review article:  

Choudhury, M. D., Blincoe, K., and Dhupia, J. S., An Overview of Fault Diagnosis 

of Industrial Machines Operating Under Variable Speeds. Acoustics Australia, 2021. 

49(2): p. 1-13. 

Chapter 3 describes the development of a spectral smearing alleviation method for 

bearings using fast dynamic time warping based signal transformation. Experimental 

validation of the developed method is performed using vibration measurements obtained 

from (1) a mechanical fault simulator capable of producing bearing faults under speed 

variation regimes, and (2) a 2MW wind turbine high-speed stage bearing. 

Machine diagnostics under a non-stationary regime 
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Chapter 4 describes the application of the fast dynamic time warping based spectral 

smearing alleviation technique in case of machines operating under large speed variations 

using Vold-Kalman filtering based mode estimation. The experimental validation is 

performed using vibration measurements from (1) a mechanical fault simulator capable 

of producing bearing faults under speed variation regimes, and (2) an electromechanical 

drivetrain test-rig capable of producing planetary gear faults under speed variation 

regimes. 

The majority of Chapter 3 and Chapter 4 has been published as a research article: 

Choudhury, M. D., Hong, L., and Dhupia, J. S., A Novel Tacholess Order Analysis 

Method for Bearings Operating Under Time-varying Speed Conditions. Measurement, 

2021. 186 (110127): p. 1-12. 

Chapter 5 discusses the development of an adaptive tacho-less order analysis method 

for multi-stage gearboxes using variational mode decomposition based instantaneous 

angular speed estimation for order analysis. The experimental validation is performed 

using vibration measurements from (1) a 750-kW wind turbine gearbox, and (2) a 3MW 

wind turbine gearbox. 

The majority of Chapter 5 has been published as a research article: 

Choudhury, M. D., Hong, L., and Dhupia, J. S., A Methodology to Handle Spectral 

Smearing in Gearboxes Using Adaptive Mode Decomposition and Dynamic Time 

Warping. IEEE Transactions on Instrumentation and Measurement, 2021. 70 (3510910): 

p. 1-10. 
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Chapter 6 describes a deep transfer learning based automatic fault classification 

method using STFT based TF images, followed by a discussion on the development of a 

strategy for TF image enhancement using generative adversarial networks. 

Chapter 7 concludes this thesis by providing a summary of the main findings and 

limitations of this research. Recommended future studies, which can further improve the 

fast dynamic time warping based smearing alleviation technique and deep learning based 

image classification and enhancement, are also highlighted in this chapter.  
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Chapter 2  

Literature Review 

 

This chapter provides an overview of the condition monitoring and fault diagnosis of 

industrial drivetrains followed by a discussion on the vibrations generated by bearing and 

gear faults, and then reviews the classical methods used in their fault diagnosis under 

different operating regimes. The advantages and limitations of various techniques are 

discussed, and the challenging issues encountered in successful machine fault diagnosis 

are highlighted. 

2.1. Condition monitoring 

Industrial drivetrains are responsible for transmitting mechanical rotational power in 

a wide range of applications such as automotive, aerospace, and energy generation 

systems. Figure 2. 1 represents a typical mechanical power transmission system or 

drivetrain. Thus, a robust, fault free operation of these industrial drivetrain systems is 

vital for proper functioning of such systems. However, during operation the industrial 

systems tend to fail due to faults in some or all of their components, which lead to large 

downtimes of the system, expensive repairs and re-instalments and in some cases even a 

catastrophic accident [22]. Therefore, to tackle these issues, condition monitoring (CM) 
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is essential in order to keep an eye on system health. CM is based on the ability to monitor 

the current condition and predict the future condition of a system while the system is still 

in operation [1, 22]. Using the information obtained from CM, fault diagnosis is 

performed to detect, locate, and identify faults and monitor their development from 

defects (i.e., incipient faults) into failures. This information is generally exploited further 

to perform fault prognosis, in order to predict the development of a defect into a failure, 

and the remaining useful life (RUL) of the drivetrain components. Fault diagnosis and 

prognosis are important extensions of condition monitoring, and based on the information 

of these two steps, appropriate maintenance strategies can be planned and executed before 

an actual failure or malfunction of the system takes place [5, 22, 23]. This thesis only 

focuses on the diagnosis part of condition monitoring. 

 

Figure 2. 1 Representation of a typical power transmission drivetrain found in a wind turbine [22]. 

 

Condition-based maintenance (CBM) techniques, based on the collection and analysis 

of real-time machine data, is now widely accepted and used across industries because of 

their ability to provide early detection of machinery problems [1, 5, 24]. A typical CM 

system comprises of a combination of sensors and signal processing equipment that 

collect signals and provide continuous information about the drivetrain component’s 

health conditions. These signals may include vibration, acoustic emission (AE), strain, 
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torque, temperature, lubrication oil parameters, electrical, and supervisory control and 

data acquisition (SCADA) system signals [22, 23, 25-28]. Traditionally, vibration signal 

based analysis is employed for continuous monitoring of machine component (e.g., gears, 

bearings etc.) health, in which vibration sensors like accelerometers, displacement 

sensors etc. are mounted in and around the monitoring component. Dynamic systems 

generate vibration signals, and they can be directly linked to periodic events happening 

in the system. The frequency at which such events repeat are often indicative of the source 

and thus many powerful diagnostic techniques are based on the frequency analysis of 

machine vibrations [1]. Vibration signals react immediately to any change in the system 

and therefore can be used effectively for both permanent and intermittent fault 

monitoring. Among other CM techniques, AE measurement and electrical signal 

measurement have received much attention in the last few decades and are under constant 

exploration. AE is the process of capturing sound waves emitted by a component and 

analysing it to locate and detect possible defects. It has the ability for early detection of 

cracks in machine components but suffers in the data acquisition and processing segment, 

as it requires a large number of AE sensors and higher sampling rates leading to an 

increase in capital cost and wiring complexity [22, 23]. Electrical signal based analysis 

is, however, low cost and these signals can be directly extracted from the existing control 

and protection system of a plant, without the need to install extra sensors or data 

acquisition devices. The downside of such signals is that they have low SNRs making 

them susceptible to noise. Also the signal modulations due to any defect experience 

damping effects because of the long distance of travel from the source to the point of 

signal collection and all these lead to weaker fault signatures [23, 29]. 

This study will focus on vibration-based condition monitoring techniques and explore 

them for fault diagnosis of critical components of industrial drivetrain systems.  
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2.2. Failure modes in industrial drivetrain systems 

It is essential to understand the failure modes of industrial drivetrains in order to 

identify the components that require continuous monitoring and are susceptible to 

failures. This way the overall reliability of an industrial system can be improved. 

Reliability is generally expressed as the number of failures per unit of time, i.e. “failure 

rate” and machine downtime [26]. The industry and the research fraternity accept these 

parameters, as the two most important indicators of reliability of a machine.  

 

 

Figure 2. 2 (a) Common failure frequencies and their associated downtimes in a wind turbine (b) 

Annual number of exchange of main components per WT, for the 10 year period of the WMEP 

(reproduced from data published in [24, 30-32]). 

 

Figure 2. 2(a) shows the failure frequencies and downtime caused due to failures of 

the sub-assemblies of a wind turbine. It reveals that during the lifetime of a wind turbine, 

various elements of the drivetrain tend to contribute a maximum to the overall downtime 

of the turbine. This is also reiterated by Figure 2. 2(b), which represents the annual 

exchange rate of the main sub-assemblies of a wind turbine collected in a study conducted 

over a period of 10 years. Drivetrain constituents like the generator and gearbox are some 

of the most exchanged items in a wind turbine. Therefore, we find several condition 

monitoring studies focus on the gearbox and generator because their failure causes high 
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equipment down time leading to high loss of production and because they also have a 

high percentage of replacement over the lifetime of a wind turbine. However, if we focus 

on the component level of these sub-assemblies then it is observed that most of the 

gearbox and generator downtime is caused due to bearing failures, which constitute 

around 70-76% of gearbox downtime [4, 28, 33, 34] and 21–70% of generator downtime 

[31, 34] for wind turbines. 

  

 

Figure 2. 3 Failure percentages of wind turbine gearbox components as collected by NREL for the 

years (a) 2016 (b) 2015 and (c) 2014 [33].  

 

Failure statistics of various wind turbine gearbox components released by National 

Renewable Energy Laboratory (NREL) of USA, shown in Figure 2. 3, reveal that the 

majority of the failures are caused by bearings followed by gears and both of them account 

for more than 90% of the overall failures. Similar conclusions can also be inferred for 
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wind turbine generators, from Figure 2. 4, as the major percentage of failures is attributed 

to bearing failure. Thus, it is observed that bearings and gears are two of the most critical 

components in a mechanical drivetrain.  

 

Figure 2. 4 Failure percentages of wind turbine generator components (reproduced from data 

published in [35, 36]). 

 

 

Figure 2. 5 Failure percentages of industrial gearbox components collected by Neale Consulting 

Engineers Ltd (NCEL) over a period of 30 years [37].  

 

Statistics reported by Neale Consulting Engineers Ltd (NCEL), as shown in Figure 2. 

5, based on a study conducted over a period of 30 years [37] also point to this fact that, 

for any kind of gearbox, bearings and gears account for almost 90% of all the failures. It 

is, therefore, important to study the failure modes of these components as they go a long 
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way in developing efficient condition monitoring and fault diagnosis techniques for 

drivetrain systems. 

Thus, it is observed that bearings are the most critical components of an industrial 

drivetrain system followed by the gears, which are responsible for most of the system 

failures leading to maximum downtime. 

2.3. Fault diagnostics in bearings and gears 

Fault diagnosis is performed to detect, locate and identify any fault occurring in a 

component and monitor their development from defects into failures. As already 

discussed, varieties of CM techniques are in use. However, for bearings and gears, 

vibration and acoustic emission are two of the most commonly applied techniques for 

gathering fault diagnosis and prognosis data [1, 4, 22, 23]. As this study is focused on 

vibration-based CM, the discussion will be carried forward considering only vibration 

signal based fault diagnosis techniques. 

 

Vibration signals are capable of directly representing the dynamic behaviour of a 

faulty bearing, which leads to their sensitivity to faults and so they have been most widely 

applied to bearing fault diagnosis [1, 23]. The vibration response of a damaged bearing 

consists of a series of impulses that are generated every time a fault is encountered. These 

impulses are generated at the bearing fault characteristic frequencies (FCFs), which 

depend on the shaft speed, the geometry of the bearing and the location of the defects. As 

there are four major parts of a rolling element bearing, as shown in Figure 2. 6, generally 

four types of FCFs are encountered whose formulae are as follows [6, 25], 

Ballpass frequency of the outer race (BPFO): 
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 cos ,snf d
BPFO 1

2 D


 
  

 
  (2.1) 

Ballpass frequency of the inner race (BPIO): 

 cos ,snf d
BPIO 1

2 D


 
  

 
  (2.2) 

Ballpass spin frequency (BSF): 

 cos ,

2
D d

BSF 1
2d D


   

   
   

  (2.3) 

Fundamental train frequency (FTF) or cage frequency: 

 cos ,sf d
FTF 1

2 D


 
  

 
   (2.4) 

where fs is the shaft speed, n is the number of rolling elements, ϕ is the contact angle, d is 

the ball diameter and D is the pitch circle diameter.  

However, these kinematic frequencies of the bearing are based on some basic 

assumptions [6, 38]: (a) no slip between the bearing elements, (b) contact angle ϕ remains 

constant throughout, (c) all the bearing elements are rigid and (d) the races move at 

constant angular speed. If the outer race is having non-zero speed, then fs should be 

replaced by (fi – fo), where fo and fi are the spin frequencies of the outer and the inner races 

respectively. 
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Figure 2. 6 Elements of a ball bearing [38]. 

 

McFadden and Smith [39] proposed a vibration signal model of a localised bearing 

defect, where the incipient faults usually occur due to a local loss of material (pitting, 

spalling, corrosion, rubbing, contamination) on a mating surface (inner/outer race, rolling 

elements). According to them, when a defect in one of the rolling surfaces of a bearing is 

encountered, it produces a periodic impulse, which may excite resonances in the bearing 

and in the machine and they modelled it as, 

    ,
i

i
i

x t A s t iT




    (2.5) 

where s(t) is the impulse response due to a single impact, i denotes the occurrence of the 

ith impact, and T is the interval between two consecutive impacts or reciprocal of the FCF. 

McFadden and Smith considered that the repetitive impacts were generated periodically. 

However, in practical situations this is not so; this model was later refined by Ho and 

Randall [40], who pointed out that actual rolling element bearings experience some 

random slip in their operation so that the train of impacts is slightly random instead of 

periodic [41]. This slip occurs because the contact angle ϕ varies with the position of each 

rolling element in the bearing, as the ratio of local radial to axial load changes. Thus, each 

rolling element has a different effective rolling diameter and is trying to roll at a different 

speed, but the cage limits the deviation of the rolling elements from their mean position. 
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This results in a change in the bearing characteristic frequencies and is typically of the 

order of 1–2%, both as a deviation from the calculated value and as a random variation 

around the mean frequency [6, 40]. A more realistic vibration signal model, considering 

a random variation (τi, called jitter) from periodicity of the ith impact around the mean 

time period, is given as [6, 42], 

    .
i

i i
i

x t A s t iT 




     (2.6) 

where τi, is the random slippage during each fault time period (T) and is usually estimated 

as 0.01T~0.02T. Randall [34, 42] showed that the signal described by Eq. (2.6) can be 

decomposed into a first-order cyclostationary (CS1) component and a second-order 

cyclostationary (CS2) component. The first order part is similar to a deterministic and 

periodic signal and is highly attenuated by jitter, which makes it almost indistinguishable 

from the background noise. However, the second order part remains dominant. It can be 

approximated by a random stationary carrier s*(t) modulated by a periodic function q(t) 

as [39], 

      * .
i

i i
i

x t A s t iT q iT




     (2.7) 

Antoni and Randall [6, 43] further refined the above vibration model. In previous 

models, the spacing of the impulse was modelled using the random jitter variable around 

a known mean fault period. However, it was found that the impulse spacing is itself 

random. In the previous model, the spacing was considered a constant, and determined 

by the jitter, whereas in the actual situation, the variation is caused by slip for which the 

bearing system has no memory, and thus the uncertainty increases with time of prediction 

into the future. Thus, the term “pseudo-cyclostationary” was coined for bearing fault 

vibration signals [6]. It was proposed that the fault time period be replaced as follows: 
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Previous model: 

 ,i iT iT     (2.8) 

Improved model: 

 .i i 1 iT T T     (2.9) 

With this new random variable ΔTi, the uncertainty of occurrence of impulse increases 

with the number of periods into the future, as opposed to being independent of the number 

of periods into the future in the previous model.  

It is to be noted that the models discussed so far are valid for constant operating cases. 

However, in practical applications, bearings always operate under variable speeds. Antoni 

et al.[9] improved the previous model to include small speed fluctuations by shifting from 

the time domain to an angular domain. Thus [44], 

    ,
i

i i
i

x A s i  




     (2.10) 

where Θ is the average angular period between two consecutive impulses and ψi is the 

jitter equivalent in the angular domain. 

For large speed variations, Borghesani et al. [44] proposed, 

     with .
i i

i i i
i k 1

k

x t As t iT T 




 


       (2.11) 

This model considers an impulse response function periodic in the time domain and an 

exciting train of impulses almost periodic in the angular domain.  
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In all the above models, the rolling bearing vibration system is considered as a typical 

underdamped second-order mass-spring-damper system and its unit-impulse vibration 

response function can be defined as [45], 

    sin ,n2 f t

ns t e 2 f t
  

   (2.12) 

where ζ is the damping ratio and fn is the resonance frequency. 

Thus, the final vibration signal of a faulty bearing can be represented as, 

       sinn i
i

2 f t iT

i n i
i

x t Ae 2 f t iT
  

 


  



     (2.13) 

 

Vibration signal models of gears are relatively simpler than bearings in the sense that 

the phenomenon of random slip is not observed. In general, the gear meshing vibration 

dominates the vibration signal of a healthy gear [7, 46]. Gear mesh frequency (GMF) is 

defined as the number of teeth on the gear multiplied by the rotational speed of the shaft. 

Gear mesh is the key parameter to monitor, as any defect in the gears will be reflected at 

this frequency.  

McFadden [7] proposed a vibration model for gear fault monitoring. For fixed-axis 

gears that mesh under a constant load and speed conditions, the contact stiffness between 

the meshing teeth varies periodically. As the contacting point on the tooth surface varies, 

the resulting vibration will be excited at the gear meshing frequency. If one of the gears 

has N teeth, and the shaft carrying the gear has a rotational frequency fs, the meshing 

vibration x(t) can be expressed as, 

     
1

cos 2 ,
M

m
m m mA mf t tx t  



   (2.14) 
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where m is the meshing harmonic number, Am and ϴm are the amplitude and initial phase 

at the m-th harmonic frequency, and fm (= N×fs) is the fundamental gear meshing 

frequency. 

Now if the gear has a local defect, then this affects the stiffness of the neighbouring 

teeth such that it changes the vibration behaviour as the affected teeth mesh with the other 

gears. These changes are reflected in the vibration signal with the help of the amplitude 

and phase modulation functions, am(t) and bm(t), respectively. As the modulations are 

periodic with the gear shaft rotation frequency fs, these functions can be represented as a 

Fourier series as [7], 

     
1

cos 2 .
L

m ml s ml
l

a t a mf t t 


    (2.15) 
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    (2.16) 

Therefore, the modulated gear vibration signal due to local faults is given by, 

          
1

cos 2 .1
M

m mf
m

m m mA mf t t bx t a t t 


     (2.17) 

It may be mentioned, that while different types of local defects and their severity may 

affect the amplitude and phase of the vibration response in a varied manner, this does not 

change the frequency locations in the response since the periodicity is conserved [1]. This 

model is valid for both constant and variable speed operations. 

Based on the analytical models discussed above, several machine signal based 

techniques have been proposed for fault diagnosis of rolling element bearings and gears. 

The next section will review the various fault diagnosis methods. 
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This section broadly discusses the various vibration signal based techniques used in 

fault diagnosis of bearings and gears. In general, it is observed that the vibration signal of 

a faulty bearing is amplitude modulated with the resonance frequency of the structure 

acting as the carrier frequency and the fault characteristic frequencies acting as the 

modulating frequency [39, 44]. If we consider the faulty bearing model given by Eq. 

(2.13), an example of a defective bearing signal under constant speed operation is shown 

in Figure 2. 7(a).  

 

Figure 2. 7 Simulated bearing vibration signal with random slippage and without measurement 

noise: (a) waveform (b) raw full spectrum, and (c) envelope spectrum. 

 

The idea is to directly identify the fault characteristic frequency (FCF) and its 

harmonics from the envelope spectrum of the vibration signal, as shown in Figure 2. 7(c). 

The full frequency spectrum of the bearing fault-induced signal is shown in Figure 2. 

7(b). It can also be used for fault detection. However, a high resolution is required to 

analyse the frequency range. Thus, to shift the frequency analysis from a high-frequency 

range to a relatively low frequency range, the high frequency resonance technique 

(HFRT), also known as the envelope analysis is widely used as one of the most effective 

diagnosis methods for bearings [1, 6].  
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Figure 2. 8 Simulated vibration signal of a faulty gear without measurement noise: (a) waveform (b) 

raw full spectrum. 

 

In case of gears, full spectrum analysis is generally applied to detect the presence of 

faults. The amplitude modulated–frequency modulated (AM–FM) gear fault vibration 

signal is composed of gear mesh harmonics and sideband components, introduced by the 

presence of a fault. Thus the gear fault may be identified via detecting the presence of the 

sidebands [7, 47], as shown in Figure 2. 8(b). Figure 2. 8(a) shows the vibration signal of 

a faulty gear.  

 

Frequency domain methods 

Bearings and gears in a mechanical power transmission drivetrain generally operate 

under time-varying rotational speed conditions which make their vibration signals non-

stationary. Under such situations, the FCFs of bearings and gears, which are related to the 

shaft rotating frequency as described in Section (2.3.1) and Section (2.3.2), convert into 

frequency bands related to the shaft rotating frequency rather than being constant 

frequency lines, as observed during constant shaft frequency operation. This distorts the 

frequency spectrum leading to smearing.  
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Figure 2. 9 Spectrum of (a) bearing envelop signal and (b) gear signal under variable speed operation. 

 

Figure 2. 9(a) and Figure 2. 9(b) show the envelope spectrum and full spectrum of a 

fault-induced bearing and gear, respectively, under variable speed operation. The 

smearing of the spectrum is evident in both the cases and it becomes difficult to extract 

fault information from them. Thus, traditional fault diagnosis methods fail to extract 

meaningful fault information, leading to the need for additional processing techniques. 

Under such a situation, faults cannot be detected or diagnosed by a frequency spectrum 

obtained via the Fourier transform. Therefore, this problem introduced due to time-

varying operation of the machine must be solved for proposing a robust fault diagnosis in 

case of bearings and gears. 

Order tracking (OT) is one of the widely used fault diagnosis techniques under speed 

variation [12, 48, 49]. The classical OT or hardware order tracking (HOT) uses analogue 

instruments to adjust the sampling rate proportional to the tachometer obtained shaft 

speed reference signal, to synchronously measure the vibration signal [11, 12]. However, 

under rapidly varying speed conditions, like run-ups and coast-downs, these analogue 

instruments fail to accurately track the shaft speed, leading to errors in sampling [11]. 

This drawback, along with the advent of digital equipment, led to the development of the 

resampling based computed order tracking (COT). 
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Figure 2. 10 Steps involved in implementation of COT (reproduced from [48]). 

 

In COT, the vibration signal and the phase reference pulse are first measured at 

constant time intervals, and then resampled digitally in the time-domain using the shaft 

phase information from the reference signal. As this resampling is performed in the time-

domain, the phase to time transformation is achieved by applying a polynomial 

interpolation technique [48]. McFadden [50] discussed the use of different interpolation 

techniques to resample vibration signals. Figure 2. 10 illustrates the implementation steps 

involved in COT. In 1997, Fyfe and Munck [12] demonstrated the use of a cubic-spline 

based interpolation method to resample the vibration signal using a once-per-shaft 

revolution and a 3-pulse-per-shaft revolution tachometer signals for COT. Since then, 

several tacho-based COT methods for fault diagnosis have been developed [51-55].  

Auxiliary hardware like a tachometer to generate the reference pulse required for COT 

is generally not available in an industrial setting, due to added costs and need for 

additional maintenance, and inconveniences arising from sensor malfunction [13]. This 

has led to much attention being focused on tacho-less OT methods, where the required 

reference signal can be estimated directly from the measured vibration signal. Bonnardot 

et al., [56] first demonstrated the idea of tacho-less OT, where the instantaneous phase 

information for signal resampling was obtained by phase demodulation of filtered out 

gear-mesh frequency or its higher harmonic signal from the vibration signal itself. Coats 

and Randall [57] further proposed a generalised method for tacho-less OT using a phase 

demodulation technique for speed variations up to ±30%. Hong et al. [47] proposed a new 
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tacho-less OT method, as shown in Figure 2. 11, where the fast dynamic time warping 

(FDTW) algorithm was used to dynamically align a filtered shaft harmonic signal with a 

reference signal, constructed assuming a constant frequency. The measured vibration 

signal is then resampled based on the optimal warping path of the reference signal having 

a constant frequency. The warping process negates any phase estimation error due to 

speed variation. This method performs an “elastic” stretching and compression along the 

time axis of the measured vibration signal, to attain a minimum residue with respect to an 

estimated reference signal constructed assuming a constant nominal gear meshing 

frequency or constant shaft rotational speed. It also takes care of any phase shifts or 

distortions of the signal that occur due to estimation error. Thus, it eliminates the smearing 

of the spectrum due to speed variation leading to a clearer spectrum. 

 

Figure 2. 11 Steps involved in FDTW-based tacho-less OT proposed by Hong et al. [47]. 

 

Other methods 

Other methods that are used for fault diagnosis under variable speed operation are 

generally based on the time-frequency analysis. Short-time Fourier transform (STFT), 

wavelet transform (WT), Wigner-Ville distribution (WVD), and Hilbert-Huang transform 

(HHT) are generally used to obtain the TFR of the measured vibration signal [58, 59], 

where the instantaneous fault characteristic frequency (IFCF) and its higher harmonics 

can be visualised as ridges as shown in Figure 2. 12.  
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Figure 2. 12 Enhanced TFR with visible IFCF and its harmonics, for fault diagnosis [58]. 

 

Meltzer and Dien [60] applied continuous wavelet transforms, and Williams and 

Zalubas [61] applied Wigner-Ville distribution (WVD) for fault diagnosis in gearboxes. 

To improve the readability of the TFR, Li and Liang [62] and Feng et al. [17] used 

generalised synchrosqueeze transform (GST) that can carry out both signal transforms 

and time-frequency enhancement in order to identify the fault induced instantaneous 

frequencies in the TFR. Hilbert transform (HT) based methods have also been studied 

extensively for their fine time-frequency resolution [63]. However, they require the 

analysis signal to be mono-component in nature [64]. Empirical mode decomposition 

(EMD) [65] and its variants [21, 66] have been used to adaptively extract constituent 

mono-components of a vibration signal by means of numerical approximation. However, 

they suffer from issues like mode mixing due to spectral overlaps between components, 

which limits their applicability since the constituent components are bound to have 

overlapping of frequencies under large speed variations. Another important class of 

methods is based on the Vold-Kalman filter (VKF). VKF is used for separating a 

harmonic component from a multi-component vibration signal under speed variations 

[14, 67]. VKF extracts this harmonic component by acting as a time-varying filter, where 

the centre frequency varies according to the initial estimate of the instantaneous 

frequency, thus fulfilling the mono-component requirement and enabling construction of 
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easily interpretable time-frequency representations based on the Hilbert transform for 

complex time-varying IFCF identification. Methods based on generalised demodulation 

(GD) are also studied for fault diagnosis, where the time-varying instantaneous 

frequencies are converted into constant frequency lines in the time-frequency plane by 

iteratively applying GD [16, 59, 63, 68-70]. These methods require a peak search 

algorithm or ridge extraction for estimating the initial time-frequency curves [58, 71-74]. 

Huang et al. [73] proposed an algorithm for multiple time-frequency curve extraction 

based on iteratively using a fast optimisation approach, which optimally extracts a string 

of peaks along the time span. However, it has been observed that the TF curve extraction 

methods have limitations in presence of random noise and multi-source interference. 

Moreover, these time-frequency domain based methods also suffer in terms of heavy 

computational burden, as they require high resolution TFRs for accurate estimation of the 

instantaneous frequency curves. Therefore, there is a requirement of developing methods 

for generating TFRs with enhanced resolutions, especially under variable speed operation 

scenarios. 

Based on the discussion it is observed that to diagnose the presence of faults in 

industrial machine components using either the frequency spectrum or the time-frequency 

structure of measured vibration signals under non-stationary conditions, visual 

observation-based techniques are widely applied, which may lead to difficulties, as they 

are susceptible to human bias, low resolution, and noise interferences. Therefore, 

considering the lack of expert knowledge in real signal analysis tasks and the advent of 

Industry 4.0, artificial intelligence (AI) based automatic feature extraction and fault 

diagnosis methods are gaining interest. Traditionally, feature extraction is achieved by 

converting the measured vibration signal into time-frequency images, which display the 

measured signal in both the frequency and time domains. AI techniques [75] have been 



Chapter 2 Literature Review 

30 
 

found to be effective in automatically extracting features from the TFR images of the 

measured signals that can be utilised for fault diagnosis. However, there is considerable 

scope for extension of these techniques for fault diagnosis under speed fluctuation [76-

87]. The current AI-based fault diagnosis techniques, most handling constant speed cases, 

are incapable of extracting proper fault features for training the AI algorithms due to the 

presence of variability of the measured machine datasets caused by varying running 

conditions.  

2.4. Conclusion and motivation 

According to the literature, the presence of operating speed fluctuation based non-

stationarity in the machine vibration signal limits the use of traditional fault diagnostic 

techniques. Therefore, the research gap in diagnostics of machines operating in real-world 

industrial settings is to develop methods that are capable of reliable fault diagnosis by 

removing the effects of speed fluctuations.  

From the fault diagnosis point of view, it is observed that FDTW based alignment of 

a measured signal on to a similar signal of constant characteristics can be useful in 

removing the effects of small speed fluctuations that are often encountered in practical 

rotating machineries. However, the FDTW based technique has been applied to gear 

vibration signals only, which are periodic in nature as explained in Section 2.3.2. There 

is a need to analyse its applicability in handling signals with random behaviour like a 

bearing vibration signal. It is also noteworthy to mention that in the state-of-the-art tacho-

less methods discussed in the literature, the gear-mesh harmonic or the shaft harmonic 

required to perform the OT needs to be filtered out from the vibration signal using band-

pass filters, as shown in Figure 2. 11. This may limit their use to cases where the speed 

variation is relatively small (not more than ± 33% if the first harmonic is used and even 
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less variation if a higher harmonic is used) because of issues arising from overlapping of 

different frequency components [24]. Therefore, there is a need to investigate the 

applicability of the developed tacho-less OT methods for fault diagnosis under large 

speed variations. 

Moreover, for AI based automatic fault diagnosis techniques there is also scope for 

developing new methods capable of extracting reliable fault features for intelligent fault 

diagnosis under time-varying speed conditions. 

https://link.springer.com/article/10.1007/s40857-021-00236-3#ref-CR24
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Chapter 3  

Methodology for Spectral Smearing 

Alleviation in Bearings 

 

This chapter presents a tacho-less spectral smearing alleviation methodology for 

reliable fault diagnostics under machine operating speed fluctuations. The method uses 

FDTW based signal transformation of a band-pass filtered shaft harmonic signal to 

resample a bearing envelop signal in order to remove the effect of speed fluctuation. The 

performance of the developed methodology is validated using both simulation data and 

experimental data. 

3.1. Introduction 

One of the traditional approaches to handle spectrum smearing is order tracking (OT), 

where the original vibration signal is resampled at a constant angle interval in order to 

analyse the signal in the angular domain rather than the time domain [18, 19]. This angular 

domain resampling converts the time varying FCFs of the original signal spectrum into 

constant fault characteristic orders, which can then be utilised for fault detection in the 

order domain [19]. However, conventional OT requires a reference signal having 
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information of the instantaneous phase, to perform the resampling. This additional signal 

is generally collected using auxiliary sensors (tachometer, encoder or keyphaser), which 

are usually avoided in an industrial set-up because of cost and reliability concerns. This 

limits the practical applicability of the conventional OT methods and has generated a 

research interest in the development of tacho-less OT methods [18, 19, 72, 88, 89], where 

the OT can be performed without the use of any auxiliary device. Zhao et al. [88] used 

the instantaneous shaft frequency (ISF) information, filtered out from the measured 

vibration signal, along with an adaptive short-time Fourier transform (STFT) and the 

generalised demodulation transform (GDT) to resample the envelop signal in order to 

construct the envelop order spectrum for fault detection. Hu et al. [72] used windowed 

Fourier transform to generate a TFR to estimate the ISF using a dynamic path 

optimisation method. Wang et al. [19] proposed a new tacho-less OT method that utilised 

the instantaneous fault characteristic frequency (IFCF) as it is also synchronous with the 

ISF of bearings for envelop signal resampling. Wang et al. [89] improved the extraction 

of IFCF trend using the STFT and the continuous wavelet transform (CWT) based 

enhanced TFR. Liu et al. [18] employed an improved generalised demodulation technique 

with the help of an energy factor based on the extracted IFCF information in order to 

resample the measured vibration signal. However, all these methods use the TFR of the 

bearing vibration signal to extract the IF trend by applying different time-frequency 

analysis (TFA) methods, such as the STFT and wavelet transform (WT) simultaneously 

with ridge detection algorithms. One of the major issues of such TFR based OT methods 

is the necessity for high time-frequency resolution, resulting in higher computational 

requirements for an accurate estimation of the IF trend, which is crucial for the subsequent 

success of the OT method. 
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 This chapter discusses a novel tacho-less OT method based on the fast dynamic time 

warping (FDTW) for fault detection in bearings operating under time-varying conditions 

to overcome the challenges of the TFR based OT methods. Hong et al. [47] first proposed 

a FDTW based tacho-less order tracking technique for gearboxes operating under speed 

fluctuation, where the spectral smearing is alleviated by aligning a band-pass filtered shaft 

rotational speed harmonic with a reference signal of sinusoidal nature and built 

considering a constant shaft speed. The proposed method addresses vibration signal 

spectral smearing in bearings by resampling the bearing envelop signal based on the 

warping path estimated using the FDTW algorithm. FDTW dynamically aligns a band-

pass filtered shaft speed harmonic signal, with a sinusoidal reference signal of constant 

frequency. It is demonstrated using simulations and experiments that the resultant order 

spectrum of the dynamically warped envelop signal after the re-sampling efficiently 

eliminates the commonly occurring spectral smearing observed in real-world 

measurements. This allows an easier recognition of the bearing FCC orders. The practical 

capability of the algorithm is demonstrated using experimental data from a mechanical 

fault simulator test-rig and a 2MW wind turbine bearing. 

3.2. FDTW based OT for bearings 

This section introduces the proposed order tracking method. The proposed algorithm 

transforms the bearing envelop signal measured under speed fluctuations to one assuming 

constant speed to obtain a reliable fault information from the envelop spectrum. The 

algorithm first extracts a shaft rotational frequency harmonic from the bearing vibration 

signal using a band-pass filter, which is then used to resample the envelop signal by using 

FDTW to alleviate the impact of the time-varying speed induced spectral smearing. 
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The vibration signal of a faulty bearing vibration consists of a train of short-duration 

impulses that excite the high-frequency resonance of the machine structure [6], as shown 

in Figure 3. 1(a). These impulses are generated every time the rotating balls or rollers 

interact with the faulty surface and they repeat at a certain frequency, known as the 

bearing fault characteristic frequency (FCF). 

 

 

Figure 3. 1 Waveform of a faulty bearing vibration under (a) constant speed, and (b) time-varying 

speed. Envelop spectrum under (c) constant speed, and (d) time-varying speed. 

 

During constant speed operation, the repetitions of excitations happen at equal time-

intervals as is evident from Figure 3. 1(a). Therefore, the bearing defect can be detected 

by observing the FCF and its harmonics in the bearing envelop signal spectrum, as shown 

in Figure 3. 1(c). However, when the bearings operate under time-varying speed, the 

repetition rate of the excitations vary with time and they no longer appear at equal time 

intervals, as seen in Figure 3. 1(b). This leads to failure of the traditional Fourier transform 

based spectral analysis technique because the energy of FCF is spread over a range 
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decided by the time-varying rotational speed profile rather than concentrating at a certain 

peak, resulting in a blurred envelop spectrum as seen in Figure 3. 1(d). For the signal in 

Figure 3. 1(b), we have considered a time-varying speed operation, where the speed 

increases linearly from 10 Hz to 16 Hz. The proposed fault detection applies FDTW based 

warping, followed by a signal re-sampling procedure to squeeze the time-varying 

frequency components to their respective constant frequency peaks in order to ease the 

effect of smearing observed in the envelop spectrum. The following section will provide 

a brief overview of FDTW and demonstrate the application of the proposed tacho-less 

OT technique to alleviate the smearing observed in Figure 3. 1(d). 

 

FDTW is a multi-level implementation of the dynamic time warping (DTW) 

algorithm that allows an optimum alignment between two time series N (= n1, n2,…, nk,…, 

nP) and M (= m1, m2,…, mk,…, mQ) in order to estimate their similarity, by dynamically 

stretching or compressing the two series in the time axis such that the Euclidean distance 

between N and M is minimised [90, 91].  

 

Figure 3. 2 The recursive approach of the FDTW algorithm. 
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level 
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A minimum-distance warp path W (= w1, w2,…, wk,…, wR) between the time series N 

and M is estimated using a dynamic  programming  approach. wk = (i, j) is the k-th element 

of W, where i corresponds to an index from the N series, and j corresponds to an index 

from the M series. The optimality of W is obtained by building a cost matrix C of 

dimension P × Q, where C(i,j) = c(ni, mi) + min { C(i-1,j), C(i,j-1), C(i-1,j-1)}. Here c(ni, 

mi) is the Euclidean distance between ni and mj. Since each cell in C is calculated once in 

the DTW approach, it has a quadratic O(P2) complexity in terms of computational time 

and requirement of memory space that limits its use to only small time series. Therefore, 

the FDTW approach is adopted in this paper instead of DTW as it has a linear O(P) time 

and space complexity, while producing an accurate minimum-distance warp path between 

the two time series. FDTW recursively applies coarsening, projection, and refinement 

steps, as shown in Figure 3. 2 to implement the DTW. The coarsening step down-samples 

the input series by averaging its adjacent pairs of points to obtain a lower resolution series, 

and is run several times until the lowest resolution level of the time series is obtained. 

Next, an optimal warping path in the lowest resolution level is obtained using the standard 

DTW approach. This optimal path is shown in Figure 3. 2 as a red line in the cost matrix 

representation at the lowest base-level. In the projection step, the optimal warp path from 

the current lower resolution level is projected to the next higher resolution and a search 

window for the optimal path is expanded by a pre-defined radius. The projection is 

represented by the dark grey cells and the expanded search window by light grey cells in 

Figure 3. 2. Finally, in the refinement step, this search window is passed through a 

constraint DTW algorithm, which only evaluates distance for these shaded cells. The 

output of the constrained DTW algorithm in the higher resolution series will be the 

optimal path within the search window. Thus, in FDTW the cost matrix is only evaluated 
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for the cells within the search window, which speeds up the overall algorithm. A more 

detailed description of the FDTW algorithm can be found in [91]. 

 

There are five main steps to apply the proposed FDTW based OT approach to detect 

bearing failures. 

Step I: Extracting a shaft rotational speed harmonic 

The first step in the fault detection algorithm proposed in this paper involves 

extracting a mono-component sinusoidal signal corresponding to any one of the shaft 

rotational speed harmonics from the measured vibration signal x(t). This is extracted by 

using a zero-phase band-pass filter of bandwidth (ΔB). The bandwidth must be chosen 

such that it completely covers the overall energy of the selected shaft speed harmonic, 

even after accounting for the observed speed variations. Moreover, ΔB should also not 

overlap with any higher or lower orders of fsh(t). The extracted mono-component shaft 

signal can be represented as, 

      
0

cos 2 ,

t

sh sh shx t A t f t dt 
 

  
 

     (3.1) 

where Ash(t) is the amplitude and θ is the initial phase of the filtered shaft speed harmonic 

signal. For easier estimation of the reference signal and implementation of FDTW in the 

later steps, xsh(t) is demodulated using the Hilbert transform to generate a normalised 

sinusoidal signal. The normalised mono-component signal is, 
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where 
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      2 2

sh shA t x t x t    (3.3) 

where  shx t is the Hilbert transform of the filtered signal  shx t . 

Step II: Constructing the sinusoidal reference signal 

The sinusoidal reference signal y(t) is built using the extracted shaft speed harmonic 

signal. y(t) is a normalised shaft harmonic signal constructed assuming constant speed 

operation, i.e., fsh(t) is constant. Thus, the sinusoidal reference signal can be represented 

as, 

    cos 2 ,shy t f t     (3.4) 

where the initial phase β is estimated as β = cos-1(x̄sh(1,1)) for x̄sh(1,1) < 0 or β = 2π - cos-

1(x̄sh(1,1)) and x̄sh(1,1) is the initial element in the normalised shaft speed harmonic signal 

described in Eq. (3.1). fs̃h is the constant frequency of the shaft that can be selected from 

the range 
𝑁𝑝−1

𝑡𝑡𝑜𝑡𝑎𝑙
 to 

𝑁𝑝+1

𝑡𝑡𝑜𝑡𝑎𝑙
 [47], where Np is the number of local maximums of x̄sh(t) and ttotal 

is the total time. Note that instead of the local maximum points, the local minimum points 

or zero crossings may also be selected. 

Step III: FDTW based warping 

Step III is carried out to align the extracted shaft frequency harmonic signal x̄sh(t), and 

the sinusoidal reference signal y(t) by matching them simultaneously in the time domain 

using the FDTW algorithm. The alignment of x̄sh(t) and y(t) before and after warping are 

presented in Figure 3. 3(a) and Figure 3. 3(b), respectively, which show that FDTW based 

warping is able to remove the phase difference arising due to the speed fluctuations 

between the two signals by aligning them along the timescale. The alignment is obtained 

by constructing the optimal warping path W between x̄sh(t) and y(t), which describes their 
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best fit case and hence the information about the stretching or shrinking of the time 

instants of the two signals is also discreetly contained in W. 

Step IV: Reconstructing the original bearing envelop signal 

In this step, the original bearing envelop signal, xenv(t), is reconstructed by mapping it to 

the warped shaft signal xw. The resulting warped envelop signal, w

envx , has the same length 

as the warping path W and to restore the length to the original envelop signal’s length, the 

resampling algorithm described in Figure 3. 4 is applied. This resampling step maps the 

warped bearing envelop signal w

envx  to the corresponding time instants of the reference 

signal y(t), which was constructed assuming a constant frequency. 

  

 

Figure 3. 3 (a) Waveforms of the normalised shaft signal, x̄sh(t) and the reference signal, y(t). (b) 

Warped signals xw and yw obtained after using FDTW to align x̄sh(t) and y(t). (c) Resampled signals 

xr
w(t) and yr

w(t) after the application of the resampling algorithm. (d) Comparison of xr
w(t), yr

w(t), y(t), 

and x̄sh(t) spectra. 

 

The capability of the time resampling algorithm is illustrated by taking the warped 

signals, xw and yw, of Figure 3. 3(b), obtained after using FDTW, as inputs of the 
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resampling algorithm. Figure 3. 3(c) shows the signals, xr
w(t) and yr

w(t), which are 

resampled along the original time axis of y(t) and it can be observed that the period of xw 

and yw of Figure 3. 3(b) are restored back to match the period of y(t) of Figure 3. 3(a). 

Figure 3. 3(d) shows the spectrum of the normalised filtered shaft speed harmonic signal 

x̄sh(t), the reference signal y(t), the normalised shaft speed harmonic signal after warping 

and resampling xr
w(t), and the reference signal after warping and resampling yr

w(t). It can 

be observed that the FDTW based warping followed by the time resampling step is able 

to remove the spectral smearing of the filtered shaft speed harmonic signal by squeezing 

them towards the constant frequency peak of the reference signal. This idea is now 

extended to warp xenv(t) based on the index i of W, constructed in Step III, followed by 

time resampling based on the index j. It can be observed that after the warping and the 

time resampling steps, the smeared spectral bands around fsh(t) and its multiples are 

squeezed towards their respective individual constant frequency peaks, which are nothing 

but the corresponding fractional or integer multiples of fs̃h. The order spectrum, shown in 

Figure 3. 5, is obtained by taking the FFT of the transformed envelop signal,  r

envx t , and 

dividing the frequency points by the estimated constant rotational speed, fs̃h, of Step II. 

 

Figure 3. 4 The pseudo-code of the resampling algorithm used in this paper. 
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Figure 3. 5 Envelope order spectrum under time-varying speed operation before and after the 

application of the proposed tacho-less OT method. 

 

Step V: Generating the envelop order spectrum 

Figure 3. 5 presents a comparison between the order spectrum of the reconstructed 

bearing envelope signal,  r

envx t , and the order spectrum of the original bearing envelope 

signal. It can be observed from the figure that the FCF and its harmonics are no longer 

spread across the spectrum due to speed variation but are squeezed to their respective 

peaks due to the application of the FDTW based OT technique leading to a clearer 

spectrum that can assist in easily identifying the frequency components. Therefore, based 

on the capability of FDTW based OT to alleviate spectral smearing in case of an impulse 

signal, an algorithm for bearing fault detection is proposed whose main steps can be 

summarised as: 
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Figure 3. 6 Flowchart of the algorithm proposed for bearing fault diagnosis. 

 

1) Apply a band-pass filter on the measured vibration signal to extract a mono-

component sinusoidal signal corresponding to a harmonic of the shaft speed. For this 

study, the bandwidth of the filter is set around any prominent harmonic of the shaft speed 

by manually inspecting the original vibration signal x(t) spectrum. For situations where 

the peak of any shaft speed harmonic is not clearly visible in the vibration spectrum, a 

spectrogram, based on the short time Fourier transform (STFT) of x(t) may be generated 

to estimate the bandwidth of the filter. 
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2) Construct a mono-component reference signal of sinusoidal nature, assuming a 

constant frequency. The constant frequency is estimated from the filtered shaft signal of 

Step I by calculating the zero-crossings, or number of local maximum or minimum points. 

3) Apply FDTW to align the filtered shaft frequency harmonic signal and the reference 

signal to obtain the optimal warp path between them. 

4) Apply Hilbert transform to demodulate the original vibration signal in order to 

extract the envelope signal. A fast kurtogram [92] based demodulation technique can also 

be used in this step to extract an envelop signal with an improved SNR. 

5) Resample the envelope signal using the optimal warping points of the reference 

signal, y(t), obtained in Step II. 

6) Obtain the squared envelope signal spectrum after the resampling step in the order 

domain for fault detection. In this study, the squared envelop spectrum (SES) is preferred 

compared to the envelope spectrum because of its ability to enhance the fault induced 

harmonics and sidebands [93]. 

A flowchart for the proposed bearing fault detection algorithm is presented in Figure 

3. 6. 

3.3. Simulation analysis 

This section discusses the application of the proposed fault detection algorithm on 

simulated bearing fault vibration signals. The vibration signal of a defective bearing under 

time-varying speed conditions can be generated as a chain of impulse responses of a mass 

spring-damper system of degree of freedom one as [73], 
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where    
0

1 cos 2

t

shS t f t dt 
 

   
 

  is introduced to imitate the amplitude modulation 

caused by the shaft rotational frequency (χ > 0 denotes inner race faults and χ = 0 denotes 

outer race faults) and fsh(t) is the time-varying shaft rotational frequency, which is also 

the modulating frequency. Li = L0 + ζ fsh(ti), L0 and ζ are constants, ti is the time of 

occurrence of the ith impulse, I is the number of impulse responses, βd is the damping 

characteristics, fr is the resonating frequency of the bearing system, and u(t) is the unit 

step function. ti denotes the time of occurrence of the impulses and it can be calculated 

as, 
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where λ is the coefficient of slip whose value generally varies from 0.01 to 0.02 [6, 73], 

ff(t) is the fault characteristic frequency and t0 is the time instant of the first impulse. For 

this analysis, the bearing vibration signal is simulated as [73], 

        ,b shx t x t x t n t     (3.7) 

where n(t) is measurement noise, xb(t) is the bearing vibration signal, and xsh(t) is the shaft 

rotational frequency harmonic signal, which is usually present in the measured vibration 

signal due to misalignment, eccentric mass or imbalance of the shaft. In this study, xsh(t) 

is modelled as, 

    
1 0
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    (3.8) 
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where K is the number of harmonics of the shaft rotational frequency, Ak and δk are the 

amplitude value and the phase value of the k-th harmonic of the shaft vibration signal, 

fsh(t) is the fundamental time-varying shaft rotational frequency. For this analysis, K = 2, 

A1 = 0.25, δ1 = π/16, A2 = 0.15, δ2 = π/8 and the shaft rotational frequency, fsh(t), is 

simulated using a cubic spline interpolation of points to demonstrate a random increase 

and decrease speed condition. The shaft rotational frequency points and the corresponding 

time instants are provided in Table 3. 1. The speed profile used in this simulation is shown 

in Figure 3. 7.  

Table 3. 1 Points for cubic spline interpolation based curve fitting to generate the shaft rotational 

frequency profile used in this analysis. 

Number of 

points 

1 2 3 4 5 6 7 8 9 10 11 

Time 

instants (s) 

0 0.4  0.8 1.2 1.6 2.0 2.4 2.8 3.2 3.6 4.0 

Frequency 

(Hz) 

10.0 11.5 13.0 12.9 12.8 12.5 13.0 13.8 14.2 14.5 15.0 

 

 

Figure 3. 7 Shaft rotational frequency profile used in the simulation. 
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The measurement noise n(t) is set as a Gaussian white noise with signal-to-noise ratio 

(SNR) = 0 dB, the sampling frequency is set at 10 kHz and the time length ttotal is set as 

4 seconds. In this analysis, the bearing vibration signal due to an outer race defect is 

considered so the parameter χ of xb(t) is set as 0. The remaining parameters used in the 

simulation model are provided in Table 3. 2. 

Table 3. 2 Parameter values used for the simulation. 

Resonance 

frequency, fr 

Damping co-

efficient, βd 

FCC FCF Slippage 

coefficient, λ 

L0 and ζ 

2000 Hz 500 3.5 FCC×fsh(t) 0.01 1 and 

0.05 

 

Figure 3. 8(a) shows the waveform of the simulated vibration signal x(t), and Figure 

3. 8(b) shows its corresponding envelope signal spectrum. Thus it can be observed that 

the impulsive components of the vibration signal are masked in the time domain, and the 

presence of FCF and its harmonics cannot be properly identified from the envelope 

spectrum because of the speed variation induced smearing and the presence of 

measurement noise. Therefore, to remove the envelope spectrum smearing the steps of 

proposed the tacho-less OT are applied. The first step in the algorithm is to filter out the 

fundamental harmonic of the shaft rotational frequency, the bandwidth for which is set 

between 9 Hz and 16 Hz by visually inspecting the vibration signal spectrum as shown in 

Figure 3. 9(a). The normalised filtered shaft speed harmonic signal is shown in Figure 3. 

9(b), followed by a comparison of the spectrum of the normalised filtered shaft signal 

with the spectrum of the normalised simulated vibration signal x(t) in Figure 3. 9(c).  



Chapter 3 Methodology for Spectral Smearing Alleviation in Bearings 

48 
 

  

Figure 3. 8 (a) Simulated bearing vibration signal, and (b) the corresponding envelope spectrum in 

the presence of time-varying speed fluctuations and noise. 

  

 

Figure 3. 9 (a) Vibration spectrum of the simulated vibration signal. (b) The normalised shaft 

vibration signal filtered out from the simulated vibration signal. (c) Spectrum of the normalised 

vibration signal and normalised shaft vibration signal for comparison. 

  

 Figure 3. 10 (a) Waveforms of the normalised shaft signal and the reference signal. (b) Warped shaft 

signal and the warped reference signal obtained after using FDTW. 
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The filtered shaft signal is then used to estimate the constant shaft speed, which is 

used for the sinusoidal reference signal construction. For the reference signal, fs̃h is 13 Hz 

and β is 1.6912π, set according to the steps discussed in Section 3.2.2. Figure 3. 10(a) 

shows the normalised filtered shaft signal and the reference signal, which are then 

compared using the FDTW algorithm. Figure 3. 10(b) shows the warped shaft signal and 

the warped reference signal after the application of FDTW. In order to attain a bearing 

envelope signal with higher SNR, the measured vibration signal x(t) is first analysed using 

the spectral kurtosis (SK) based fast kurtogram algorithm, which is a useful technique 

developed for determining the optimal filter parameters for extracting the bearing 

vibration signal for demodulation [92].  

 

Figure 3. 11 Kurtogram of the bearing vibration signal x(t). 

 

Figure 3. 12 Squared envelope order spectrum after the application of the proposed fault detection 

algorithm under time-varying speed operation and in presence of noise.  
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Figure 3. 11 shows the kurtogram generated and based on the recommendation 

obtained from the kurtogram the optimal centre frequency and bandwidth are set and the 

filtered vibration signal is then demodulated to obtain the envelope signal. This envelope 

signal is later sequentially warped and resampled using the new time-instants. Figure 3. 

12 shows the enhanced squared envelope order spectrum after the application of the 

proposed algorithm and a significant improvement is observed compared to the original 

smeared spectrum of Figure 3. 8(b). After the application of the proposed algorithm, the 

bearing defect induced peaks are clearly observed as shaft orders corresponding to the 

fault characteristic coefficient (FCC) and its multiples. The FCCs are set according to the 

geometry of the bearing considered [6, 19] and are unique depending on the location of 

the fault. Therefore, once the envelope signal order spectrum is obtained, the diagnosis 

can be completed by matching the FCC value to determine whether it is an inner race 

fault or an outer race fault. In this case, the bearing defect induced peaks are clearly 

observed as multiples of 3.5, which is equal to the FCC of the outer race assumed for this 

simulation. Thus, the proposed fault detection algorithm is validated using the simulation 

model. 

3.4. Experimental validation 

In this section, two experimental studies are discussed to validate the proposed fault 

detection method. The first study discusses the validation of the method using 

measurements obtained from a machine fault simulator (MFS), whereas the second study 

is conducted using measurements obtained from a 2 MW wind turbine. 
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Figure 3. 13 (a) Schematic of the experimental set-up, and (b) actual test-rig [94]. 

 

This section utilises the experimental data provided by the University of Ottawa [94] 

to validate the effectiveness of the proposed fault detection method under different 

bearing faults in time-varying speed conditions. A Spectra Quest machine fault simulator 

(MFS-PK5M) was used to collect the experimental measurements. The test-rig consists 

of a motor that drives a shaft, and an AC drive for rotational speed adjustment, as shown 

in Figure 3. 13. The driven shaft was supported by two ball bearings (ER16K), whose 

parameters are given in Table 3. 3, with the test bearing providing the right-end support 
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and a healthy bearing providing the left-end support of the shaft. The right-end support 

bearing was replaced by various bearings of different health status in order to simulate an 

inner race defect condition, and an outer race defect condition.  

Table 3. 3 Bearing parameters [94]. 

Ball diameter Pitch 

diameter 

Number of 

balls 

FCC of inner 

race, FCCi 

FCC of outer 

race, FCCo 

7.94 mm 38.52 mm 9 5.43 3.57 

 

Vibration signals were measured using an accelerometer mounted on the housing of 

the test bearing. The shaft rotational speed was measured using an incremental encoder. 

The signals were collected under different time-varying speed conditions, the details of 

which are provided in [94]. The signals collected under increasing and then decreasing 

speed conditions are considered in this analysis. Every signal file consists of two channels 

containing the accelerometer data and the encoder data, respectively. All the signals were 

collected at a sampling frequency of 200 kHz for 10 seconds. In this study, only a 2-

second portion of the data is considered to validate the proposed algorithm. Since the 

sampling frequency is much higher than that required for this analysis, the analysed 

signals are down-sampled to 20 kHz to reduce computation load. 

Inner race defect 

The experimental validation is first conducted using measurements from an inner race 

defective bearing as the shaft rotational speed increases from 20 Hz to 21.7 Hz and then 

decreases to 20.25 Hz. The down-sampled vibration signal, and the encoder obtained shaft 

speed are shown in Figure 3. 14(a) and Figure 3. 14(b), respectively.  
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Figure 3. 14 (a) Waveform of the measured vibration signal under inner race fault. (b) Speed profile. 

(c) Normalised shaft vibration signal filtered out from the measured vibration signal. (d) Spectrum 

of the normalised vibration signal and normalised shaft vibration signal for comparison. 

 

The down-sampled vibration is then used to filter out the shaft signal. The normalised 

filtered shaft signal is shown in Figure 3. 14(c) followed by its spectrum in Figure 3. 

14(d). The spectrum of the normalised filtered shaft signal is compared with the spectrum 

of the normalised vibration signal in Figure 3. 14(d) in order to illustrate that the filtered 

shaft vibration signal properly captures the frequency content of the signal within the 

filter band. Figure 3. 15(a) shows the squared envelope order spectrum of the measured 

vibration signal. However, the FCFs and their harmonics are smeared due to speed 

fluctuation and therefore, not clearly visible in the spectrum.  
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Figure 3. 15 The squared envelope order spectrum under an inner race fault (a) before algorithm, 

and (b) after algorithm. 

 

The application of the proposed fault detection algorithm results in a clearer envelope 

order spectrum as seen in Figure 3. 15(b). The fault induced peaks are appearing at 5.43rd, 

10.86th and 16.29th order of the shaft frequency, which corresponds exactly to the 1st, 

2nd and 3rd multiples of FCC of the bearing due to an inner race defect. Additionally, 

sidebands also appear around the 4.43th, 6.43th, 9.86th, 11.86th, 15.29th and 17.29th 
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orders of the shaft frequency, indicating the presence of modulation due to shaft 

frequency (at (FCCi ± 1)th, (2FCCi ± 1)th, and (3FCCi ± 1)th order of the shaft frequency) 

as is expected in case of inner race defects [1]. Thus, it is observed that the proposed fault 

detection algorithm is effective in alleviating the envelope spectrum smearing in case of 

a bearing with an inner race defect operating under varying speed conditions. 

Outer race defect 

In this section, the experimental validation is carried out using measurements from an 

outer race defective bearing as the shaft rotational speed increases from 20 Hz to 21.8 Hz 

and then decreases to 20.45 Hz. The down-sampled vibration signal and the encoder 

obtained shaft speed are shown in Figure 3. 16(a) and Figure 3. 16(b), respectively. The 

normalised filtered shaft signal is shown in Figure 3. 16(c) followed by its spectrum in 

Figure 3. 16(d). Figure 3. 17(a) shows the squared envelope spectrum order of the 

measured vibration signal. However, again the FCFs and their harmonics are smeared due 

to speed fluctuations. The application of the proposed fault detection algorithm results in 

an enhanced envelope order spectrum, as seen in Figure 3. 17(b), where the fault induced 

peaks are appearing at 3.45th, 6.9th and 10.35th orders of the shaft frequency, which is 

close to the 1st, 2nd and 3rd multiples of FCC of the bearing due to an outer race defect. 

A prominent peak is also observed at the 2nd order of the shaft frequency, which 

modulates the FCC orders to produce sidebands at (FCCo ± 2)th, (2FCCo  ± 2)th and 

(3FCCo ± 2)th orders of the shaft frequency. Thus, it is observed that the proposed fault 

detection algorithm is also effective in alleviating the envelope spectrum smearing in case 

of a bearing with an outer race defect operating under varying speed conditions. 
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Figure 3. 16 (a) Waveform of the measured vibration signal under an outer race fault. (b) Speed 

profile. (c) The normalised shaft vibration signal filtered out from the measured vibration signal. (d) 

Spectrum of the normalised vibration signal and normalised shaft vibration signal for comparison. 

 

 

The proposed fault detection algorithm is further validated using vibration signals 

measured from a 2 MW wind turbine high speed bearing with an inner race defect, which 

is monitored as its severity increases across a 50-day period [93, 95, 96]. Acceleration 

signals and tachometer signals were measured every day over a 6-second duration for the 

entire 50-day period. During the monitored period, the nominal rotating speed was 

1800 rpm (30 Hz). However, variations of the nominal speed were observed during 

operation, which led to severe smearing of the vibration spectrum. The FCC of the 

monitored bearing, referenced to the high-speed shaft frequency are FCCo = 6.72, FCCi 

= 9.47. 
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Figure 3. 17 The squared envelope order spectrum under an outer race fault (a) before algorithm, 

and (b) after algorithm. 

 

For this analysis, the measured signal from record 50, when the fault was in an 

advanced stage, is utilised to validate the effectiveness of the proposed fault detection 

algorithm to alleviate spectral smearing caused by operating speed fluctuation. The 

sampling frequency for this experiment was set as 97656 Hz. Since the sampling 
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frequency was too high, the analysed signals are down sampled by one-third for ease of 

computation.  

 

 

Figure 3. 18 (a) Waveform of the normalised filtered shaft vibration signal up to 2 seconds, and (b) 

the spectrum of the normalised vibration signal and normalised filtered shaft vibration signal. (c) 

Comparison of the squared envelope order spectrum (SES) of day 50 data before and after the 

application of the proposed fault detection algorithm, and (d) enlarged view of the squared envelope 

spectrum around the 1st harmonic of the bearing fault frequency. 
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The down sampled vibration is then used to filter out the shaft signal, whose 

normalised waveform is shown in Figure 3. 18(a) followed by its spectrum in Figure 3. 

18(b). Figure 3. 18(a) shows the improved squared envelope signal spectrum and it shows 

considerable improvement compared to the original squared envelope signal spectrum, 

also seen in its zoomed view in Figure 3. 18(b). Prominent peaks are observed at the 

9.36th, 18.72nd and 28.08th orders of the shaft frequency, which is close to the inner race 

defect FCC of 9.47 and its multiples, for the monitored bearing. Moreover, sidebands also 

appear around the FCCs and its multiples at 7.36th, 8.36th, 10.36th, 11.36th, 17.71st, 

19.72nd, 20.71st, 27.08th and 29.08th order of the shaft frequency, which is consistent 

with the sideband characteristics due to an inner race fault in bearings as it results in 

sidebands appearing at (m × FCCi ± n)fsh, where m and n are integers. 

 

This section provides a comparison of the proposed tacho-less OT method against the 

time-frequency representation (TFR) ridge-extraction based tacho-less OT method [97] 

to demonstrate its smearing removal capability. The TFR based methods are dependent 

on the estimation of IF, which is then used for OT. This IF estimation using ridge 

detection has become an essential part in most tacho-less OT methods [72, 97].  

  

Figure 3. 19 STFT based TFR for obtaining the rotating shaft IF of the MFS test-rig vibration signal 

using ridge detection method for (a) inner race fault and (b) outer race fault. 
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Figure 3. 20 Comparison of squared envelope order spectrum of the MFS test-rig measurements 

obtained using different approaches for (a) inner race fault and (b) outer race fault. 

  

Figure 3. 21 (a) Comparison of squared envelope order spectrum of the 2 MW wind turbine vibration 

signal obtained using different approaches, and (b) STFT based TFR for obtaining the rotating shaft 

IF of the 2 MW wind turbine vibration signal using the ridge detection method. 

 

However, it should be noticed that the estimation accuracy is generally affected by 

the resolution of the TFR generated. Typically, such TFRs are generated based on the 

short-time Fourier transform (STFT), the Wigner-Ville distribution, or the wavelet 

transform [13]. Figure 3. 19 shows the TFR and the estimated IFs for the MFS test-rig for 

both inner race and outer race faults. In this paper, the STFT based TFR is generated to 

extract the IF of the rotating shaft, which is then used to re-sample the envelope signal in 

order to generate the envelope order spectrum for comparison. Figure 3. 20 shows a 

comparison of the proposed OT method with the TFR-based OT method for the MFS test-

rig data. The results demonstrate that the proposed method performs better compared to 

the envelope order spectrum generated using the TFR based method as the ridge detection 

based IF estimation cannot accurately isolate the rotating shaft IF required for OT. The 
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results of the comparative analysis for the 2 MW wind turbine data are shown in Figure 

3. 21. 

3.5. Conclusion 

In order to effectively extract fault signatures from the bearing envelope signal under 

time-varying speed operation, a tacho-less OT method based on fast dynamic time 

warping (FDTW), which does not require any auxiliary speed sensor, is proposed in this 

chapter. The performance of the tacho-less OT for bearing fault detection is first 

established using a simulation analysis and followed by validation using experimental 

data from a laboratory setup and a bearing installed on a 2MW wind turbine. These 

investigations show that the FDTW based OT method is capable of resampling the 

envelope of a train of impulsive signal such that the repetition rate is transformed from 

variable time-intervals to constant time-intervals, which removes the effect of time-

varying frequency. The spectrum of the resampled envelope signal was found to reveal 

the bearing fault characteristic frequencies (FCFs), as the smeared frequencies are 

squeezed to their individual spectral peaks due to the FDTW based timescale 

transformation.  

One of the areas to improve the proposed tacho-less smearing alleviation technique 

discussed in this chapter is by extending it to handle vibration signals when the machine 

speed variation is large. The next chapter develops a framework for the FDTW based OT 

technique to provide reliable results in the presence of overlapped frequency orders due 

to large speed variations.  
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Chapter 4    

Smearing Alleviation Under Large 

Speed Variations Using a Vold-

Kalman Filter and Fast Dynamic 

Time Warping 

 

This chapter discusses the application of the FDTW based tacho-less OT method 

under large speed variations, generally observed during run-up or coast-down of 

industrial machines. 

4.1. Introduction 

Vibration signals measured during the run-up and coast-down periods of machines 

contain a wealth of valuable condition information that can be exploited for fault 

diagnosis [62]. However, extracting fault information from them is challenging because 

the harmonic signal required to transform the vibration signal to the angular domain is 

generally difficult to be extracted under such a large variation of machine speeds. Figure 
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4. 1 shows the drawback of the traditional band-pass filtering technique in extracting a 

harmonic signal under large speed variation.  

 

 

Figure 4. 1 Time-frequency distribution of machine vibration signal to display the shaft frequency 

related harmonics under (a) constant speed, (b) small speed variation, and (c) large speed variation. 

 

Due to the overlap of frequency orders, it is difficult to fix a proper bandwidth or the 

centre frequency of the filter. It is observed that under large speed variations, the 

bandwidth designed to extract one of the harmonics of the shaft speed will have 

interference from other overlapping harmonics of the shaft frequency orders. Therefore, 

there is a need to improve the harmonic extracting process for the FDTW based OT 

technique to work for large speed variations. 

The Vold-Kalman filter (VKF) [98] is a powerful time-varying band-pass filter, where 

the centre frequency of the filter can be changed dynamically according to the change in 

frequency of the harmonic signal being extracted. The bandwidth of the filter can be 

selected as a relative bandwidth proportional to the frequency order of the tracked 

Filter bandwidth Filter bandwidth 

Filter bandwidth 

https://www.sciencedirect.com/topics/engineering/bandpass-filters
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harmonic signal, as shown in Figure 4. 2. Moreover, VKF introduces no phase bias in the 

extracted signal. Therefore, VKF presents itself as a suitable candidate for the harmonic 

extraction under large speed variations. 

 

Figure 4. 2 Time-varying band-pass filtering to extract a harmonic of interest using VKF. 

 

4.2. Fundamentals of the Vold-Kalman filter (VKF) 

The basic idea behind the VKF is to define local constraints that the amplitude 

envelopes are smooth and the sum of harmonic orders approximate the total measured 

signal. VKF is performed based on two mathematical equations: the structural equation 

and the data equation. The structural equation for the VKF is given as, 

           2cos 2 1 2 ,kx p f t T x p x p p         (4.1) 

where x(p) represents the kth harmonic component to be extracted, p denotes index 

number of series, ΔT is the sampling interval, fk(t) = kfs(t) is the instantaneous frequency 

of the kth harmonic, fs(t) is the rotating frequency. The non-homogeneous term ε(p) is 

introduced here such that the waveform of the kth harmonic can be adjusted slightly in its 

https://www.sciencedirect.com/topics/engineering/harmonic-component
https://www.sciencedirect.com/topics/engineering/instantaneous-frequency
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amplitude, phase and frequency. Considering all the samples of x(p), we can rewrite Eq. 

(4.1) in a matrix form as follows, 
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  (4.2) 

where c = 2cos(2π fk(t)ΔT), P is the length of x(p). Eq. (4.2) can be represented as, 

 .Ax   (4.3) 

The measured vibration signal, y(p), of an industrial machine is composed of 

interested harmonics, non-interested harmonic components and noise, which is 

represented as, 

      , 1,2, , ,y p x p p p P     (4.4) 

where η(p) is the noise and other not-concerned harmonic components. Eq. (4.1) is the 

data equation of VKF, which can be simplified as, 

 .y-x   (4.5) 

The structural equation and data equation give an underdetermined system with 

respect to x(p). The additional condition for the solution is that the total energy of ε(p) 

and η(p) must be minimal. The global solution for those equations can be obtained by the 

standard least squares technique. The norm square of the non-homogeneous vector is 

expressed as, 

 ,T T TA A   x x   (4.6) 
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where T denotes transpose operation. In the same way, the norm square of the other 

harmonic components and noise term can be written as, 

   .T   T Ty -x y-x   (4.7) 

In summary, as a time-varying filter, the centre frequency of VKF is determined by 

fk(t), while the instantaneous bandwidth depends on the weighting factor as follows, 
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  (4.8) 

where f is the sampling frequency and rk is the weight co-efficient. However, it should be 

mentioned that VKF requires the initial estimate of the frequency order to be extracted. 

For practical applications, the initial frequency estimate can be obtained from a 

tachometer and if a tachometer is not available then it can be estimated by the ridge 

detection of a shaft related frequency in the time-frequency representation of the 

measured vibration signal. In this chapter, we have utilised the ridge detection technique 

to estimate the shaft speed frequency. 

4.3. VKF based mode extraction under large speed variations 

In this section, the application of VKF in extracting a harmonic signal from a multi-

harmonic vibration signal is demonstrated. Let us consider a multi-harmonic signal x(t) 

consisting of two overlapping frequency components, f1(t) and f2(t) as, 

        1 2cos 2 cos 2 .x t f t dt f t dt      (4.9) 
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Here f1(t) = 10(1+0.5t+0.05t2) and f2(t) = 2 f1(t). The waveform and the spectrogram of 

x(t) are provided in Figure 4. 3(a) and Figure 4. 3(b), respectively. We will now apply 

VKF to extract the waveform corresponding to f1(t). 

  

  

Figure 4. 3 (a) Waveform of x(t) and (b) its spectrogram. (c) Comparison of the original waveform 

corresponding to f1(t) and extracted waveform using VKF, and (d) spectrogram of the extracted 

waveform. 

 

It is observed from Figure 4. 3(c) that the extracted waveform using VKF exactly 

matches the original waveform corresponding to f1(t) and the spectrogram of the extracted 

waveform has only one frequency order, which corresponds to f1(t). This capability of 

VKF to extract a harmonic signal even in the presence of overlapping components will 

be utilised to proposed a method for spectral smearing alleviation using FDTW in the 

case of large machine speed variations. 
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4.4. Order analysis for bearing fault diagnosis 

In this section, the FDTW based OT will be extended for fault diagnosis in bearings 

under large speed variations. The steps of the FDTW based OT for bearings have already 

been introduced in Chapter 3, so will not be repeated in this section. The major difference 

is in Step 1 of the algorithm in Chapter 3. Here the shaft harmonic signal extraction will 

be performed using VKF based mode extraction instead of a band-pass filter. The order 

analysis discussed in this section is validated using a simulation analysis followed by 

experimental validation using measurements from a mechanical fault simulator (MFS) 

test-rig. 

 

The bearing vibration signal model used in this analysis is given as, 

        ,b shx t x t x t n t     (4.10) 

where n(t) is measurement noise, xb(t) is the bearing vibration signal, which is kept similar 

to the model already discussed in Section 3.3 of Chapter 3, and xsh(t) is the shaft rotational 

frequency harmonic signal, which is modelled as, 

      
1 0

cos 2 ,

tK

sh k sh k

k

x t A t k f t dt 


 
  

 
    (4.11) 

where K is the number of harmonics of the shaft rotational frequency, Ak(t) and δk are the 

time-varying amplitude and the phase value of the k-th harmonic of the shaft vibration 

signal, respectively, and fsh(t) is the fundamental time-varying shaft rotational frequency. 

For this analysis, K = 2, A1 = 0.25(1+0.5t-0.05t2), δ1 = π/16, A2 = 0.15(1+0.5t-0.05t2), δ2 

= π/8 and the shaft rotational frequency fsh(t) = 10+5t. The shaft frequency used in this 

simulation replicates a large speed variation case, as shown in Figure 4. 4. The 
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measurement noise n(t) is set as a Gaussian white noise with a signal-to-noise ratio (SNR) 

= 0 dB, the sampling frequency is set at 10 kHz and the time length ttotal is set as 10 

seconds. The remaining parameters used in the simulation model are kept similar to those 

in Section 3.3 of Chapter 3. Figure 4. 5 (a) shows the waveform of the simulated vibration 

signal x(t), and Figure 4. 5(b) shows its corresponding envelope signal spectrum. 

 

Figure 4. 4 Simulated shaft speed profile used in this analysis to simulate a large speed variation 

case. 

 

  

Figure 4. 5 (a) Simulated bearing vibration signal, (b) the corresponding envelope spectrum in the 

presence of large speed variation and noise. 

 

Now to extract the first harmonic signal of the shaft rotational frequency, the VKF is 

applied to the simulated bearing vibration signal of Eq. (4.10). The initial estimate of the 

shaft rotational frequency is obtained using ridge detection in the spectrogram of the 
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bearing vibration signal. The obtained spectrogram and the estimated shaft frequency are 

shown in Figure 4. 6(a). The filtered shaft signal, shown in Fig. Figure 4. 6(b), is then 

used to estimate the constant shaft speed, which is used for the sinusoidal reference signal 

construction. For the reference signal, fs̃h is 35.1 Hz and β is 1.8647π, set according to the 

steps discussed in Section II(C) of Chapter 3. The corresponding steps of the FDTW based 

OT method are applied once the shaft harmonic signal and the reference signal are 

estimated in order to obtain the optimal warped time-instants such that the bearing 

envelope signal is sequentially warped and resampled using the new time-instants. 

  

Figure 4. 6 (a) Spectrogram of the bearing vibration signal to estimate the shaft frequency to extract 

the corresponding shaft harmonic using VKF. (b) Comparison of the VKF extracted harmonic and 

the simulated harmonic. 

 

Figure 4. 7 shows the enhanced squared envelope order spectrum after the application 

of the proposed algorithm and a significant improvement is observed compared to the 

original smeared spectrum of Figure 4. 5(b). After the application of the proposed 

algorithm, the bearing defect induced peaks are clearly observed as shaft orders 

corresponding to the fault characteristic coefficient (FCC) and its multiples. In this 

analysis, the FCCs are clearly observed as multiples of 3.5, which is equal to the FCC of 

the outer race assumed for this simulation. Thus, the FDTW based OT is able to provide 

reliable results for bearing fault diagnosis under large speed variations using the VKF 

based harmonic extraction technique. The overview of the algorithm discussed in this 

section is shown in Figure 4. 8. 
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Figure 4. 7 Squared envelope order spectrum after the application of the proposed algorithm under 

large speed variation and in presence of noise. 

 

 

Figure 4. 8 Overview of the spectral smearing alleviation technique under large speed variation. 

 

 

This section discusses the validation of the FDTW based OT under large speed 

variation using measurements obtained from the machine fault simulator (MFS) of the 

University of Ottawa [94], introduced in Chapter 3. As already discussed in Chapter 3, 

all the vibration signals were collected at a sampling frequency of 200 kHz for 10 seconds. 

Since the sampling frequency is much higher than that required for this analysis, the 

analysed signals are down-sampled to 20 kHz to reduce computation load. Moreover, in 
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this analysis the entire 10-second duration of the collected signals is considered, instead 

of just the 2-second duration considered in Chapter 3. 

Inner race defect 

The experimental validation is first conducted using measurements from an inner race 

defective bearing as the shaft rotational speed increases from 12.5 Hz to 27.8 Hz. The 

down-sampled vibration signal and the encoder obtained shaft speed are shown in Figure 

4. 9(a) and Figure 4. 9(b), respectively.  

   

 Figure 4. 9 (a) Waveform of the measured vibration signal under an inner race fault. (b) Speed 

profile.  

 

The down sampled vibration is then used to filter out the shaft harmonic signal using 

the VKF. Figure 4. 10(a) shows the squared envelope order spectrum of the measured 

vibration signal. However, the FCFs and their harmonics are smeared due to presence of 

speed variation and therefore, not clearly visible in the spectrum. The application of the 

proposed FDTW based OT results in a clearer envelop order spectrum as seen in Figure 

4. 10(b). The fault induced peaks are appearing at 5.43rd, 10.86th and 16.29th orders of 

the shaft frequency, which corresponds exactly to the 1st, 2nd and 3rd multiples of FCC 

of the bearing due to an inner race defect. Additionally, sidebands also appear around 

4.43th, 6.43th, 9.86th, 11.86th, 15.29th and 17.29th orders of the shaft frequency, 

indicating the presence of modulation due to shaft frequency (at (FCCi ± 1)th, (2FCCi ± 
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1)th, and (3FCCi ± 1)th orders of the shaft frequency) as is expected in case of inner race 

defects [6]. Thus, it is observed that the proposed fault detection algorithm is effective in 

alleviating the envelope spectrum smearing in case of a bearing with an inner race defect 

operating under large speed variation conditions, when the speed of the bearing shaft 

varied more than 120%. 

 

 

Figure 4. 10 The squared envelope order spectrum under an inner race fault (a) before algorithm, 

and (b) after algorithm. 
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Outer race defect 

In this section, the experimental validation is carried out using measurements from an 

outer race defective bearing as the shaft rotational speed decreases from 24.9 Hz to 9.8 

Hz. The down sampled vibration signal and the encoder obtained shaft speed are shown 

in Figure 4. 11(a) and Figure 4. 11(b), respectively. The application of the FDTW based 

OT, after extracting the shaft harmonic signal using VKF, results in an enhanced envelope 

order spectrum, as seen in Figure 4. 12(b), where the fault induced peaks are appearing at 

3.45th, 6.9th and 10.35th orders of the shaft frequency, which is close to the 1st, 2nd and 

3rd multiples of FCC of the bearing due to outer race defect. A prominent peak is also 

observed at the 2nd order of the shaft frequency, which modulates the FCC orders to 

produce sidebands at (FCCo ± 2)th, (2FCCo  ± 2)th and (3FCCo ± 2)th orders of the shaft 

frequency. Thus, it is observed that the proposed fault detection algorithm is also effective 

in alleviating the envelops spectrum smearing, as compared to the original spectrum of 

Figure 4. 12(a), in the case of a bearing with an outer race defect operating under large 

speed variation conditions, when the speed of the bearing shaft varied more than 150%. 

  

Figure 4. 11 (a) Waveform of the measured vibration signal under an outer race fault. (b) Speed 

profile.  
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Figure 4. 12 The squared envelope order spectrum under an outer race fault (a) before algorithm, 

and (b) after algorithm. 

 

Thus, it is observed that the smearing present in the bearing vibration spectrum is 

alleviated with the application of the VKF and FDTW based order analysis under a large 

speed variation condition. 

4.5. Order analysis for gear fault diagnosis 

This section will demonstrate the applicability of the FDTW based OT technique in 

case of gears operating under larger speed variations. The order analysis for gear signals 
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will be validated using a simulation analysis followed by experimental validation using 

measurements from an electromechanical drivetrain test-rig, consisting of a 2-stage 

planetary gearbox. 

 

This section describes the model to represent the vibration signal of a single stage 

fixed-axis gearbox (with the number of teeth on the pinion Np =10 and the number of 

teeth on the gear Ng =15) operating under large speed variation. The vibration response, 

x(t), of the virtual gearbox consists of the shaft-vibration signal, xs(t), and gear-mesh 

vibration signal, xm(t). The dominant frequency components of xs(t) are the gear-shaft 

rotational frequency, fs(t). The important frequency components in xm(t) are the 

fundamental gear-mesh frequency, fm(t) (=Ngfs(t)), and the sidebands around the mesh 

frequency if a local gear fault is present. Thus, the overall vibration signal, x(t), can be 

simulated as [47], 

      .s mx t x t x t    (4.12) 

The individual components of Eq. (4.12) are given by [7], 
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where a speed variation function, fs(t) = fs + 5t, is used to simulate a speed fluctuation 

around the nominal shaft rotational frequency fs = 20 Hz. Figure 4. 13(a) plots the speed 

profile, fs(t). The amplitude and phase modulation (AM & PM) functions, am(t) and bm(t), 

due to a local fault at a gear tooth are expressed as, 
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If the gear is free from any defect, then the amplitudes of Eq. (4.15) and Eq. (4.16) are set 

equal to 0. Without the loss of generality, the first gear mesh harmonic (m = 1) is 

considered, and its corresponding amplitude is taken as A1 = (1+0.7t). The harmonic order 

(q) of the modulation functions am(t) and bm(t), is assumed to be 2, with their 

corresponding amplitudes set as a11 = 0.15, a12 = 0.30, b11 = 0.18, b12 = 0.20. For the gear 

shaft, only the fundamental harmonics are considered (i.e., n = 2) and their corresponding 

amplitudes are fixed as As1(t) = 1.5(1+0.7t) and As2(t) = (1+0.7t). 

 

Figure 4. 13 (a) Speed profile used in this simulation, and (b) Simulated vibration signal x(t). 

 

A Gaussian white noise of SNR = 0 dB is added to the vibration signal x(t) to account 

for the challenges encountered in practical measurements. Figure 4. 13(b) shows the time-

domain waveform of the simulated gearbox, which indicates that the modulation features 

caused by the gear faults are mostly suppressed by noise and other unwanted components. 

This study was done considering a sampling frequency of 4096 Hz.  
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Figure 4. 14 Overview of the smearing alleviation technique for gear signals under large speed 

variations. 

 

As the gear-mesh frequencies are higher-order harmonics of the shaft rotational 

frequency, the FDTW based order spectrum will be constructed by reconstructing and 

resampling the measured gearbox vibration signal based on the optimal points obtained 

after warping an extracted shaft harmonic signal with a constant frequency reference 

signal. The overview of the proposed algorithm is shown in Figure 4. 14. 

In order to extract the shaft harmonic signal using VKF, a spectrogram is generated 

to estimate the frequency of the shaft signal using ridge detection, as shown in Figure 4. 

15(a). The extracted shaft harmonic signal corresponding to the estimate frequency is 

shown in Figure 4. 15(b). Based on the extracted shaft signal, the subsequent steps of 

constructing the constant frequency reference signal and warping of the normalised shaft 

signal and the reference signal are perfomed. The optimal points obtained from the 

warping step are then utilised to reconstruct the original vibration signal x(t), followed by 

the application of the resampling algorithm. The order spectrum of the processed gear 

vibration signal is then constructed, which is shown in Figure 4. 16. 

Order 
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Figure 4. 15 (a) Spectrogram for ridge detection based frequency estimation. (b) Comparison of 

extracted and original shaft vibration signal. 

 

 

Figure 4. 16 Order spectrum of the gear vibration signal x(t) after the application of the proposed 

algorithm. 

 

 

This section discusses the experimental validation using measurements obtained from 

the electromechanical drivetrain test-rig of the University of Auckland, shown in Figure 

4. 17. 
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Figure 4. 17 Eletromechanical drivetrain test-rig at the University of Auckland. 

 

The test-rig consists of a planetary gearbox driven by a 7.5kW induction motor 

controlled by a variable frequency drive. The gearbox output shaft drives a generator of 

power 7.5kW. The gearbox has back-to-back planetary gear-sets, having three equally 

spaced planets with the number of ring gear teeth Nr=99, the number of sun gear teeth 

Ns=21, and the number of planet gear teeth Np=38.  Vibration signals were measured using 

an accelerometer mounted on the housing of the test gearbox. The signals were collected 

under a ramp-up speed condition (10Hz to 30Hz), at a sampling frequency of 5 kHz. The 

waveform of the collected signal and its spectrum are shown in Figure 4. 18(a) and Figure 

4. 18(b), respectively. The spectrogram of the collected signal is shown in Figure 4. 18(c) 

and the estimated 3rd harmonic of the shaft frequency using ridge detection is also 

highlighted.  
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Figure 4. 18 (a) Waveform of the measured vibration signal. (b) Spectrum of the measured vibration 

signal. (c) Spectrogram of the measured vibration signal along with the estimated shaft frequency. 

 

 

Figure 4. 19 Shaft order spectrum of the measured vibration signal after the application of the 

proposed algorithm. 

 

Based on the estimated frequency, the shaft signal of the 3rd harmonic of the rotational 

frequency is extracted for the FDTW based OT. The shaft order spectrum of the measured 

vibration signal after the application of the proposed algorithm is shown in Figure 4. 19. 
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The processed spectrum reveals peaks at the shaft rotational frequency harmonics and the 

first three harmonics of the gear-mesh frequency, which were not visible in the original 

spectrum of Figure 4. 18(b). Thus, FDTW based order tracking is able to alleviate the 

severe spectral smearing due to large speed variation in the case of a planetary gearbox. 

4.6. Conclusion 

This chapter demonstrates that VKF is effective in extracting shaft harmonic signal 

under frequency overlap situations caused by large machine speed variations. The 

extracted shaft signal is then used for reconstructing measured vibration signals using fast 

dynamic warping (FDTW). The performance of the proposed algorithm is first 

established in handling bearing vibration signals, followed by planetary gear signals. 

Simulation analysis and experimental validation using measurements from laboratory 

setups are discussed to establish the performance of the proposed algorithm in both the 

case studies. The investigations show that the FDTW based OT method is capable of 

resampling both the bearing envelope signal and the gear-mesh vibration signal such that 

the defect induced repetition rates are transformed from variable time-intervals to 

constant time-intervals, which removes the effect of spectral smearing caused by the large 

variation in machine speed.  

One of the aspects of the algorithms discussed so far is that the harmonic signal 

required to perform the order analysis is extracted using a filter, which requires user 

experience in properly setting the filter parameters for efficient performance. There is a 

constant need for developing machine health diagnostics strategies that require less expert 

knowledge for implementation. The subsequent chapters handle this aspect using an 

adaptive mode decomposition technique and deep learning based architectures.   
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Chapter 5  

Adaptive Methodology for Gear 

Fault Diagnostics Under Variable 

Speed 

 

This chapter presents an adaptive methdology for reliable fault diagnostics under 

machine operating speed fluctuations. The developed methodology adaptively extracts a 

gear-mesh frequency harmonic signal, using variaitional mode decomposition (VMD), 

from a multi-component gearbox vibration signal, which can be utilised to resample the 

multi-component vibration signal for fault diagnosis under speed fluctuations. The 

performance of the developed methodology is validated using both simulation analysis 

and experimental data from wind turbine gearboxes. 

5.1. Introduction 

Vibration signals collected from gearboxes contain useful information that can be 

exploited for gear fault detection [99, 100]. A localised defect in a gear tooth results in 

periodic amplitude and phase modulations in the measured vibration signal. These 
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modulations give rise to sidebands, which occur at the FCFs, around the gear-mesh 

frequency (GMF) and its harmonics. Detecting these sidebands in the measured vibration 

signal spectrum is the basis of identifying the gear faults [46]. However, the FCFs and 

the GMF are related to the gearbox shaft rotating frequency, which often vary during 

operation in several applications resulting in a non-stationary nature of the measured 

signal [99, 101]. In the presence of such speed fluctuations, the traditional Fourier 

transform based spectral analysis results in a smeared spectrum that fails to provide 

reliable fault information [47, 102]. Tacho-less transformation of the gearbox vibration 

signal to the order domain is found to be sufficient in removing the spectral smearing. 

However, a critical step in such techniques is to accurately extract a mono-component 

shaft rotational harmonic using a band-pass filter such that the energy of the shaft 

harmonic falls completely within the bandwidth of the filter, which is difficult to ensure 

in the presence of the speed variations. Therefore, the centre frequency and bandwidth of 

the filter need to be chosen carefully to account for the changing frequency contents. If 

the filter’s parameters are not aligned properly, the resultant signal may be contaminated 

with unwanted noise or may not contain sufficient information for reliable fault diagnosis 

[103]. Recently, researchers have started adopting a more flexible approach by using 

adaptive decomposition methods, like the variational mode decomposition (VMD) that 

updates the centre frequency and bandwidth until the correct signal modes are identified 

[64, 104]. VMD adopts a joint-optimisation scheme to extract the signal modes 

concurrently by solving a constrained variational problem. This results in a better signal 

decomposition compared to recursive decomposition approaches, like the empirical mode 

decomposition (EMD) which can be sensitive to noise, sampling frequency and 

accumulation error [64, 104-106].  
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In this chapter, a novel adaptive algorithm for multi-stage gearbox fault detection 

under speed fluctuation is developed by combining VMD with FDTW. The detection 

algorithm first employs VMD to extract the time-varying GMF component mode from 

the measured vibration signal of a gearbox. This step eliminates the need to carry out a 

time-consuming manual inspection of the measured spectrum to tune band-pass filters. 

The extracted component is utilised to estimate the instantaneous shaft speed profile for 

constructing the shaft vibration signal, which is then matched with a reference signal, 

constructed assuming a nominal constant shaft frequency  in order to estimate an optimal 

warping path using the FDTW method. This warping path is then used to resample the 

measured gearbox vibration signal, which removes the effect of speed fluctuations by 

transforming the time axis to align with the reference signal constructed assuming a 

constant shaft frequency. It is demonstrated that the resulting spectrum of the warped 

signal after the resampling effectively removes the smearing effect from the speed 

fluctuations that commonly occur in practical measurements allowing an easier 

identification of the fault-induced sidebands. A 750 kW rated industrial wind turbine 

gearbox is used for both simulation analysis and experimental validation of the capability 

of the proposed algorithm. In order to further demonstrate the adaptive capabilities of the 

proposed algorithm, its application to the measurements from a different 3 MW wind 

turbine gearbox is also presented. 

5.2. Proposed algorithm for gear fault detection 

In this section, the vibration-based gear fault-detection method is introduced along 

with a brief review of VMD and FDTW algorithms for ease of understanding.  
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The purpose of the proposed algorithm is to automatically extract a rich fault 

information from the measured vibration spectrum of industrial machines operating under 

speed fluctuations and whose measurements are contaminated with background noise. 

The algorithm uses the VMD method to overcome the challenge of manually selecting 

and tuning band-pass filter parameters, i.e., the centre frequency and the bandwidth, along 

with FDTW to remove the influence of the varying speed conditions. The overall scheme 

is summarised in Figure 5. 1. 

 

Figure 5. 1 Steps involved in the proposed fault detection method. 
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Variational mode decomposition 

VMD [104] is an adaptive decomposition method that decomposes a complex multi-

component signal x(t) into several intrinsic mode functions (IMFs). The k-th IMF, sk(t) 

obtained using the VMD is considered to be narrowly banded around the centre 

frequency, ωk, where its bandwidth can be estimated using the L2-norm of the gradient of 

the shifted signal. The decomposition in VMD is obtained by solving a constrained 

variational optimisation problem, that minimises the sum of the spectral bandwidth of the 

obtained IMFs as [104], 
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where sk ={s1,…,sK} is the IMF vector, and {ωk}={ω1,…,ωK} is the corresponding centre 

frequency vector, δ(.) is the Dirac delta function, * denotes the convolution operation, K 

is the number of IMFs to be extracted. The constrained optimisation problem of Eq. (5.1) 

is typically solved by introducing an additional Lagrangian term consisting of a quadratic 

penalty term α. The Lagrangian is iteratively solved, using the alternate direction method 

of multipliers (ADMM) [104]. In the context of the work described in this paper, VMD 

is used to decompose the measured gearbox vibration signal into its constituent IMFs, 

which represent the individual vibration signal components corresponding to the different 

gear-mesh frequencies (GMFs) and their harmonics, etc. Such IMFs are later utilised to 

estimate the shaft speed harmonics and process them using FDTW to obtain a spectrum 

containing rich fault information allowing for easier fault detection.  

It is observed that for signal decomposition using VMD, the parameters K and α play 

an important role [107, 108]. In this study, in order to satisfactorily extract GMF 

harmonics from the measured gearbox vibration signal using VMD, the parameter K is 
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estimated in line with the criterion proposed in [107] as K = (Fs/2fm), where Fs is the 

sampling frequency and fm is the GMF. In case the initial estimate of K is a non-integer 

number, the value is rounded off to the nearest integer greater than the obtained value of 

K. The parameter α is fixed according to recommendations made in [109]. Wang et al. 

[109] suggested different ranges of α for extracting time-varying components and also to 

detect impulsive transient fault features. Based on this, α = 2500 was found suitable to 

extract useful mechanical fault features in [110]. Accordingly, α is set as 2500 for this 

study and it is observed to accommodate for the frequency variations encountered during 

the mode decomposition with the estimated value of K. 

Fast dynamic time warping 

Dynamic time warping (DTW) is an approach that allows an optimal alignment 

between two time-series, by stretching and compressing them along the time axis by 

typically minimising the Euclidean distance between them [90, 111]. The resulting 

minimum Euclidean distance estimates the similarity between the two series [91]. 

Consider two time-series, X (= x1, x2,…, xi,…, xN) and Y (= y1, y2,…, yi,…, yM) of length N 

and M, respectively. The DTW algorithm determines the optimal warping path, W (= w1, 

w2,…, wk,…, wP), where the k-th element of the warping path is given by [91], 

 
 , ,kw i j

  (5.2) 

where i and j correspond to an index in the time-series X and Y, respectively. The warping 

path W starts at the beginning of each time-series, finishes at the end of both time-series 

and must utilise the data points in both time-series in a sequential manner. The path 

optimality is determined by constructing a two-dimensional cost matrix, D, of size N × 

M, such that, 
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           , , min 1, , , 1 , 1, 1 ,i ji j d x y i j i j i j     D D D D   (5.3) 

where d(xi, yi) is the distance between xi and yj. However, the DTW algorithm has a 

limitation in terms of both computation time and memory space requirements because of 

quadratic O(N2) complexity arising from the required calculation of each cell of the cost 

matrix D at least once. The FDTW algorithm, on the other hand, is a multilevel recursive 

implementation of DTW that has a linear O(N) time and space complexity, which is 

described in [47, 91]. This work utilises FDTW to find the warping path between an IMF 

component containing speed fluctuation information extracted from the measured data 

and a reference signal built assuming constant speed. 

5.3. Multi-stage industrial gearbox 

This paper presents the implementation and capability of the proposed algorithm by 

considering a multi-stage industrial gearbox of a 750 kW wind turbine, which developed 

defects during field operation [24]. Later it was shipped to an experimental facility in the 

National Renewable Energy Laboratory (NREL), USA, where it was tested on a 2.5 MW 

dynamometer and multiple measurements for accelerations, speed, oil debris etc. were 

collected under various test conditions. The gearbox consists of three-stages, a low-speed 

planetary gear stage followed by two fixed-axis gear stages, as shown in Figure 5. 2. fs 

and fc (=fs/GR) in Figure 5. 2 are the output shaft frequency and the planet carrier 

frequency, respectively. The relevant parameters and the resulting GMFs of the gearbox 

are presented in Table 5. 1. It can be observed from Table 5. 1 that the GMFs for the LS, 

IS and HS stages are 1.21, 5.75 and 22 orders of the output shaft frequency fs, respectively. 
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Table 5. 1 Details of the 750 kW wind turbine gearbox [24]. 

Gearbox  

stages 

Number of teeth GMF Gear ratio 

Low-speed (LS) stage Annulus gear, Na = 99 fLS = (Na/GR) 

fs 

5.71 

Planet gear, Np = 39 

Sun gear, Ns = 21 

Number of planet gears, P 

= 3 

Intermediate-speed 

(IS) Stage 

Intermediate gear, Nig = 82 fIS = (Nip Nhp/ 

Nhg) fs 

3.57 

Intermediate pinion, Nip = 

23 

High-speed (HS) 

Stage 

High-speed gear, Nhg = 88 fHS = Nhp fs 4.0 

High-speed pinion, Nhp = 

22 

Overall gear ratio  GR = 

81.49 

 

It is noteworthy that for a multi-stage wind turbine gearbox used in practice, the GMF 

of the LS planetary stage and the output shaft rotational frequency are approximately 

similar and therefore, their components appear close-by in the resulting vibration 

spectrum. Thus, a gearbox operating under speed variation over time will result in spectral 

overlapping of these components making it difficult to effectively separate the two signal 

components and estimate the output shaft speed information, which is essential for other 

tacho-less order tracking techniques relying on pre-filtering of the measurements. 

However, the HS stage GMF has a much higher order compared to the output shaft 

frequency or the LS stage GMF. Therefore, in this work the VMD method is applied to 

extract this mode from the vibration signal, which can then be utilised to estimate the 

speed information. The proposed fault detection algorithm is first illustrated using a 

simulation analysis considering this 750 kW gearbox and later validated using the 

experimental data collected from the gearbox during a test conducted at the NREL. The 

adaptiveness of the approach is further demonstrated using a different industrial gearbox. 
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Figure 5. 2 Nomenclature of the wind turbine gearbox [24]. 

 

5.4. Simulation study 

This section presents a simulation analysis to illustrate the steps involved in the 

proposed fault detection algorithm using a gearbox vibration signal model. A virtual 

gearbox model was built considering a faulty planetary gear stage in the 750 kW wind 

turbine gearbox described in Section 5.3. The typical vibration signal, x(t) of a multi-stage 

gearbox can be considered to be composed as [100], 

            ,s LS IS HStx x t x t x t x t n t       (5.4) 

where xs(t) represents the output shaft vibration signal,     2
32.5cos 2s sx t f t t   , 

and fs(t) = (1 + 0.08t − 0.01t2)fs is the output shaft rotational frequency, assumed to 

simulate a non-linear speed fluctuation around a nominal rotational frequency fs of 20 Hz. 

The time-varying speed profile is shown in Figure 5. 5. xLS(t), xIS(t) and xHS(t) corresponds 

to the gear-mesh vibration signals of the LS planetary gear stage, IS fixed-axis gear stage 

and HS fixed-axis gear stage of the gearbox, respectively, and n(t) is the measurement 

noise. Since the planetary stage is considered to have a fault in its fixed annulus gears, 

the different gear-mesh vibration components of Eq. (5.4) are modelled as [112], 
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  (5.5) 

where fm(t) is the GMF, fd(t) is the gear fault characteristic frequency, Xm is a constant 

depending on the signal amplitude, M is the highest harmonic order of the GMF 

considered, Aml and Bml are amplitudes of the modulation functions which are set to 0 if 

the gears are assumed free from any defect, and l is the harmonic order for the modulation 

functions. The parameters used for modelling the different gear stage’s mesh vibration 

signals are summarised in Table 5. 2 whose corresponding GMFs were presented earlier 

in Table 5. 1. The gear fault characteristic frequency fd(t) due to  the faulty annulus gear 

teeth in the LS stage is taken as fs(t)P/GR [112]. The other parameters in this simulation 

are set to be similar to the 750 kW gearbox as provided in Table 5. 1. A Gaussian white 

noise, n(t), of SNR = 0 dB is added to the signal x(t) to account for challenges encountered 

in practical measurements. The sampling frequency for this simulation is set at 4096 Hz 

and the time length (ttotal) is fixed at 6 seconds. 

Table 5. 2 Parameters used for the gear-mesh vibration signals. 

Stage M φm Xm l Aml Bml ζml ϑml 

xLS(t) 1 π/3 1.5 3 0.55 

0.80 

0.45 

0.25 

0.15 

0.05 

π/5 

-π/6 

-π/3 

-π/2 

π/3 

2π/3 

xIS(t) 1 π/4 1.5 0 0 0 0 0 

xHS(t) 1 π/4 5.0 0 0 0 0 0 

 

The spectrum of the simulated vibration signal is shown in Figure 5. 3. It can be 

observed that the presence of sidebands around the planets GMF due to the annulus gear 

teeth fault cannot be distinguished from these spectral components because of the 

smearing phenomenon caused by the output shaft speed fluctuation and the presence of 
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background noise. Moreover, the output shaft rotational frequency (fs) and the planets 

GMF (fLS) also appear to overlap, which makes it difficult to design a band-pass filter to 

extract these components for further fault detection analysis. Therefore, in order to extract 

reliable fault information from such smeared vibration signal spectrum, the proposed fault 

detection algorithm is applied. 

 

Figure 5. 3 Spectrum of the raw vibration signal x(t) of the simulated gearbox with an annulus gear 

fault condition considering speed fluctuation and noise. 

 

 

Step 1: Decomposition of measured signal using VMD  

The first step in the proposed detection method is to adaptively decompose the 

simulated vibration signal into its constituent modes using VMD. The IMFs generated 

after applying VMD with parameters K = 5 and α = 2500, set according to the criteria 

discussed in Section 5.2.1, are shown in Figure 5. 4(a). Figure 5. 4(b) shows the 

instantaneous frequencies of these five modes, from which it can be observed that IMF 

2’s instantaneous frequency (IF) centres around the HS fixed-axis GMF.  
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Figure 5. 4 (a) IMFs generated using VMD and (b) instantaneous frequency (IF) of the obtained 

IMFs. 

 

Therefore, IMF 2 is selected for use in subsequent analysis. Using the instantaneous 

phase of a gear mesh to estimate the shaft speed neglects the small angular vibrations 

caused by the gear teeth flexibility. However, since such angular vibrations have a small 

amplitude and zero mean, they have negligible influence on the estimate of the angular 

orientation of the gears, which is the basis for the removal of spectral smearing in order-

tracking techniques. For the ease of estimation of the reference signal in the subsequent 
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steps, IMF 2 is demodulated to form a normalised sinusoidal function, x̅imf(t) using the 

Hilbert transform as, 

      2 2 ,imf imf imfA t x t x t    (5.6) 
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where x͂imf(t) is the Hilbert transform of ximf(t). 

Step 2: Estimation of the shaft vibration signal 

In this step, the time-varying shaft rotational frequency is extracted from IMF 2, where 

the normalised vibration component of the output shaft can be represented as a sinusoidal 

signal, 

     cos 2 ,sh sx t sf t t     (5.8) 

where, subscript sh is used to denote the output shaft, fs(t) is the rotational frequency of 

the HS gear stage’s output shaft, s is the shaft rotational frequency harmonic number, and 

ϴ is the initial phase of the normalised vibration signal. s = 1 for the first harmonic of 

fs(t). ϴ is estimated from the selected IMF by setting it as cos-1(x̅imf(1,1)), where x̅imf(1,1) 

is the first element of the normalised sinusoidal signal, x̅imf(t) of Eq. (5.7). Now in order 

to extract fs(t) from IMF 2, the HS fixed-axis GMF fHS(t) must be estimated from where 

the instantaneous speed profile can be calculated as, 

  
 

.
HS

s

hp

f t
f t

N
   (5.9) 

fHS(t) can be estimated using the instantaneous phase of the gear’s fundamental mesh 

vibration from (5.5), which is given by, 



Chapter 5 Adaptive Methodology for Gear Fault Diagnostics Under Variable Speed 

96 
 

    2 ,g mf t t b t       (5.10) 

where     
1

sin 2
L

l d l

l

b t B lf t t 


  is the corresponding phase modulation function. 

Differentiating (5.10) with respect to t yields the instantaneous frequency as, 

  
 1 1 1

.
2 2 2

g

m

d db t d
f t

dt dt dt

 

  
     (5.11) 

Considering b(t) is a sum of sinusoidal functions, the magnitude of its derivative 

should be negligible compared to fm(t), which will be of a much higher order. Moreover, 

φ is a constant term and hence its derivate is zero. Thus, the fHS(t) can be approximated 

from the instantaneous phase, ψg, of the gear’s fundamental mesh vibration signal. For 

this analysis, the instantaneous phase (ψinst) of the selected IMF can be calculated using 

the Hilbert transform as, 

 
1tan ,

imf

inst

imf

x

x
 

 
   

 
  (5.12) 

where x͂imf(t) is the Hilbert transform of ximf(t) and they together form the analytical signal

a

imf imf imfx x jx  . A comparison of the estimated speed profile and the actual speed 

profile of the output shaft assumed in this simulation is shown in Figure 5. 5, and they are 

found to have a close match except at the beginning of simulation where t is small, which 

is consistent with the assumption made for Eq. (5.11). Now with the estimated speed 

information, the shaft vibration signal of Eq. (5.8) can be constructed. 
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Figure 5. 5 Estimated versus actual output shaft speeds used for the simulation. 

 

Step 3: Construction of the reference signal 

In this section, the reference signal, y(t), is built using the normalised vibration signal 

of the gearbox output shaft. The reference signal is the normalised fundamental shaft 

vibration signal, estimated assuming the gearbox is operating under a constant speed, 

    cos 2 ,sy t f t     (5.13) 

where, sf  is the constant shaft rotational frequency, chosen from within the range 
1p

total

n

t



to 
1p

total

n

t


 [47], where np corresponds to the number of local maximum points of the 

normalised vibration signal obtained in Step 2 (the zero-crossing points or the local 

minimum points can also be used) and β is the initial phase of the reference signal, which 

is estimated by setting it as cos-1(xsh(1,1)), where xsh(1,1) is the first element of the output 

shaft vibration signal xsh(t) of Eq. (5.8). The reference signal y(t) is constructed using the 

same sampling frequency, and the total time, ttotal, as the original vibration signal x(t). 
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Step 4: Fast DTW implementation 

This step is performed in order to alleviate the smearing of the measured vibration 

signal spectrum. The two signals, the normalised shaft vibration signal xsh(t), and the 

reference signal y(t), are matched in the time domain with the help of the FDTW 

algorithm in order to achieve an optimal alignment between them, which is able to 

eliminate the phase difference between the two signals arising from the speed 

fluctuations. 

Step 5: Reconstruction of the original vibration signal 

The FDTW step maps the original vibration signal, x(t),  to a warped data series xshw 

using the warping path W.  This new warped signal, xw(t), has a length equal to that of the 

warping path. In order to restore it back to the original vibration signal length, which 

maps the warped signal to the time instants corresponding to the reference signal, the 

resampling algorithm described in [47] and shown in Figure 5. 6 is applied. This 

chronological use of the warping and resampling algorithms results in squeezing of the 

time-dependent output shaft rotational frequency fs(t), towards the constant shaft 

rotational frequency
sf , by optimally aligning the corresponding similar data points. This 

timescale transformation process also maps the other time-varying frequency components 

in the vibration spectrum, like the GMFs and the fault induced sidebands, which are the 

harmonics of fs(t), into their corresponding constant peaks. The resampled vibration signal 

xr(t) can now be used to generate the order spectrum for subsequent fault detection. 
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Figure 5. 6 Pseudocode of the resampling algorithm. 

 

Figure 5. 7(b) presents the planet carrier order spectrum of the reconstructed vibration 

signal xr(t) around the planets’ GMF. It shows a considerable improvement from the 

smeared spectrum of Figure 5. 7(a) and Figure 5. 3, as it can be observed that the time-

dependent frequencies squeezed towards their respective constant frequencies, making it 

easier to identify the annulus gear teeth fault induced sidebands around the planets GMF. 

The vibration spectrum of a planetary gear system exhibits complex and distinct sideband 

characteristics, which are summarised in [8].  
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Figure 5. 7 The carrier order spectrum around the planets GMF (a) before applying the algorithm, 

and (b) after applying the algorithm indicating sidebands arising from an annulus gear fault. 

 

A damaged annulus gear tooth results in sidebands appearing at 
m c

nf kf  (or

 a c
nN k f , where fc is the planet carrier frequency, m and q are integer numbers), only 

for (nNa + k) being an integer multiple of P. In this simulation, P is 3 and the planets gear-

mesh order is 99 (Na). Therefore, the sidebands appear at 90th, 93rd, 96th, 102nd, 105th 

and 108th orders of the carrier frequency, as shown in Figure 5. 7(b). Thus, the simulation 

results validate the capability of the proposed adaptive tacho-less algorithm to identify 

gear teeth defects in the case of multi-stage gearboxes operating under speed fluctuations. 
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5.5. Experimental validation 

In this section, the proposed fault detection algorithm is applied to measurements from 

two different industrial gearboxes obtained under test and field conditions to demonstrate 

its capabilities under practical operational conditions. 

 

The fault detection algorithm is first validated through experimental measurements 

from the 750 kW industrial wind turbine gearbox tested at NREL, which was introduced 

in Section III. Several sensors were attached to the gearbox during the tests conducted at 

NREL [24]. Measurements obtained from accelerometer AN3, which was mounted on 

the fixed annulus gear of the planetary stage, are used in this study. During the test, the 

accelerometer measurements were obtained at 25% of the rated power when the HS shaft 

of the gearbox was rotating at a nominal angular speed of 1200 rpm (fs = 20 Hz). 

Therefore, the fundamental GMF of the fixed-axis HS gear pair, fm is 440 Hz (fs × Nhp). 

The measurements were collected at a sampling frequency of 40 kHz, which is 

considerably higher than the fundamental GMF of the HS gear stage. Therefore, in order 

to speed up the computational time before applying the proposed algorithm, the measured 

data was down-sampled to 2000 Hz. Despite controlled conditions to maintain a constant 

operational speed, fluctuations of around 1% were observed during the tests [24], which 

resulted in smearing of the measured signal spectrum, as observed in Figure 5. 9(a). After 

the dynamometer test, the wind turbine gearbox was sent to a rebuild shop for disassembly 

and a detailed visual inspection. The inspection revealed damage to the different gear 

elements as well as some bearings, which is explained in detail in [24]. The planetary 

stage of the gearbox developed fretting corrosion on the sun pinion, (Figure 5. 8(a)) and 

gear scuffing and polishing wear on the annulus gear (Figure 5. 8(b)).  
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Figure 5. 8 (a) Sun pinion with fretting corrosion, and (b) annulus gear with scuffing and polishing 

wear [20]. 

 

The sideband features arising from these defects in the planetary gear set can be 

observed from the carrier order spectrum of the planetary stage, presented in Figure 5. 

9(a). However, it can be observed that the measurements were affected by the presence 

of small speed fluctuations of around 1%, which blurred the spectrum. To alleviate the 

observed blurring of the spectrum, the adaptive fault detection algorithm was applied. 

First, the original vibration signal was decomposed into three IMFs by using VMD with 

parameters K = 3 and α = 2500, set according to the criteria discussed in Section 5.2.1. 

The IMF with IF centering the HS stage GMF of 440 Hz is considered for estimating the 

speed profile and subsequent analysis. The effectiveness of the proposed algorithm in 

alleviating the spectral blurring is demonstrated by the processed spectra presented in 

Figure 5. 9(b). The improved spectrum clearly reveals a peak at the fundamental GMF of 

the planetary stage, along with the appearance of fault induced sidebands at the expected 

locations. As explained in Section 5.4.2, the presence of a damaged annulus gear tooth 

introduces sidebands to appear at m c
nf kf , only when nNa + k is an integer multiple of P. 

Since P is 3 and the planetary gear meshing order is 99 (Na), these sidebands appear at 

87th, 90th, 93rd, 96th, 102nd, 114th, 117th, and 120th orders of the carrier frequency, as 

shown in Figure 5. 9(b) and are highlighted with green lines. Similarly, a local fault at the 

(b) (a) 
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sun gear can be identified by sidebands appearing at [nNa ± k(Na/Ns) ± m]fc (where fc is 

the planet carrier frequency, n, k, and m are integer numbers) [8]. The frequency locations 

for the sun gear fault, like 87.57th, 90.57th, 93.29th 104.7th, and 110.7th orders of the 

carrier frequency, are highlighted as red lines in the order spectrum presented in Figure 

5. 9(b). Additionally, a few peaks highlighted by pink lines are also observed in the carrier 

order spectrum at the 97th, 98th, 100th, and 101st carrier orders around the planets’ 

fundamental GMF, which indicate a position shift of planets or an unequal load sharing 

among the planet gears [8]. The spectrum of processed measurement signals using the 

proposed algorithm is presented in Figure 5. 9(b), which shows sharper peaks with higher 

amplitudes with respect to the background noise when compared to the original vibration 

signal spectra presented in Figure 5. 9(a). This demonstrates the effectiveness of the 

proposed algorithm in alleviating spectral smearing and extracting rich fault information 

in the presence of speed fluctuations. 
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Figure 5. 9 (a) Original and (b) processed vibration order spectrum using the proposed algorithm, 

around the fundamental GMF of the planetary gear set. 

 

 

In this section, the fault detection algorithm is tested using a publicly available wind 

turbine gearbox dataset [96, 113], in order to further demonstrate its adaptiveness in 

effectively extracting fault information from different industrial gearboxes. Radial 

vibration measurements taken on a 3 MW wind turbine gearbox, details of which are 
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explained in [96], is utilised in this section. The wind turbine was stopped after one week 

of operation and its inspection revealed the presence of a defect on the high-speed pinion 

gear, which is displayed in Figure 5. 10.  

 

Figure 5. 10 Damaged high-speed pinion of the 3 MW wind turbine gearbox [96]. 

 

The vibration signals were measured at a sampling frequency of 97656 Hz. The 

nominal rotating speed of the pinion gear shaft was set at 1800 rpm, i.e., the shaft rotating 

frequency is around the nominal value of fs = 30 Hz. The number of teeth on the pinion 

was Nhsp = 32. Therefore, the nominal GMF of the fixed-axis HS gear set, fm was 960 Hz 

(fs × Nhsp). Since the sampling rate for the measurement is considerably higher than the 

fundamental GMF of the HS gear-set, the measured data was first down-sampled to 8000 

Hz to speed up the computational time. During the operation the rotating frequency of the 

shaft varied extensively, which resulted in smearing of the measured signal spectrum, as 

observed in Figure 5. 11. It was not possible to identify fault-induced sidebands based on 

the inspection of the raw measured spectrum. Therefore, to alleviate the observed blurring 

of the spectrum, the adaptive fault detection algorithm was applied. 
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Figure 5. 11 (a) Original and (b) processed vibration order spectrum using the proposed algorithm, 

around the fundamental GMF of the high-speed gear set. 

 

First, the original vibration signal is decomposed into five IMFs by using VMD using 

the same parameters K = 5 and α = 2500, set according to the criteria discussed in Section 

II(B). The IMF with IF centering the HS stage GMF of 960 Hz is considered for 

estimating the speed profile and subsequent analysis. The improved spectra, shown in 

blue in Figure 5. 11(a) and Figure 5. 11(b), clearly reveal peaks at the fundamental and 

second harmonics of GMF of the high-speed gear stage, along with the appearance of 

fault induced sidebands at the locations corresponding to the pinion fault. In Figure 5. 
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11(a), the high-speed pinion gear fault induced sidebands appear at 16th to 20th, 31st, and 

33rd orders of the pinion gear shaft frequency around the HS stage fundamental GMF of 

32nd order. Figure 5. 11(b) shows the improved order spectrum around the second 

harmonic of the pinion gear shaft (64th order) and the fault induced sidebands appear at 

the 61st to 63rd, and 65th to 67th orders of the output shaft frequency. 

 

This section compares the proposed adaptive tacho-less fault detection method against 

different tacho-less OT approaches [47, 114], and the order spectrum obtained using 

actual tachometer signals in order to demonstrate its capability and accuracy. Figure 5. 

12 shows the comparison. The time-frequency representation (TFR) based tacho-less OT 

method [114] is dependent on the estimation of the instantaneous frequency of the 

gearbox shaft using ridge extraction, which is then used for OT. The ridge extraction 

based method performs well if the relevant mono-component of the shaft harmonics can 

be isolated. However, the measured vibration signal of multi-stage gearbox can be 

complex, especially due to the presence of speed fluctuations and noise, which makes it 

difficult to extract a proper mono-component. Thus, it is observed from Figure 5. 12 that 

the order spectrum obtained using the proposed method for the 750 kW gearbox 

outperforms the ridge extraction based method in terms of squeezing the energy of the 

planets’ fundamental GMF and the fault induced sidebands to their respective frequency 

components, which makes these fault induced peaks more prominent. Moreover, the 

proposed method demonstrated similar results to both the tachometer based OT and the 

band-pass filter based tacho-less OT [47], demonstrating the ability of the proposed 

method to perform OT in the case of a multi-component gearbox vibration signal 

operating under speed fluctuations. In comparison to the band-pass filter based OT, the 

proposed method has the ability to adaptively extract a proper shaft harmonic to perform 
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OT, without the need to manually set the filter parameters. A comparison analysis was 

not provided for the 3 MW gearbox as the tachometer signal was not available for the 

measured signal. Furthermore, it was also not possible to extract the shaft instantaneous 

frequency using the ridge extraction method as the TFR was heavily smeared due to 

operating speed fluctuation, which is evident from the blurred order spectra shown in 

Figure 5. 11. 

 

Figure 5. 12 Comparison of order spectrum of the 750 kW gearbox vibration signal obtained using 

different approaches. 

 

5.6. Conclusion 

In this chapter, an adaptive tacho-less order tracking method, combining VMD and 

FDTW was presented to detect faults in a multi-stage industrial gearbox operating under 

practical conditions involving speed fluctuations. The proposed order tracking method 

utilised VMD, instead of traditional band-pass filtering, to identify and extract the 

vibration component corresponding to the GMF harmonic from the measured vibration 

signal and then used it to estimate the shaft speed profile. Afterwards, the speed 

information was utilised to construct a normalised fundamental harmonic of the shaft 

vibration signal. This extracted signal was used to project the original timescale of the 
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measured vibration signal to a new transformed timescale of a reference signal, 

constructed assuming a constant operating speed, using FDTW. The performance of the 

proposed fault detection method was first demonstrated using an analytical simulation 

model built using a 750 kW multi-stage wind turbine gearbox. The simulation results 

indicated the ability of VMD to adaptively extract the HS stage GMF vibration mode 

from a noisy multi-stage gearbox vibration signal in the presence of speed fluctuation, 

which was then exploited for order tracking using the FDTW method. The algorithm was 

then validated using experimental data measured from two industrial gearboxes. One data 

set was measured from a 750 kW gearbox, which failed during field operation, while the 

other corresponded to field measurements from a 3 MW wind turbine gearbox that 

developed a high speed pinion fault. Both the simulation and experimental results 

indicated the adaptiveness and effectiveness of the proposed tacho-less diagnostic 

approach to extract reliable fault information by alleviating the measured signal’s spectral 

smearing.  These presented results also demonstrated that the proposed approach can be 

used to identify faults from complex multi-stage gearboxes operating under realistic 

industrial conditions.  

Continuing with the aim of developing less expert intensive strategies, the next 

chapter discusses a strategy for machine health diagnostics using artificial intelligence 

techniques. 
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Chapter 6  

Deep Transfer Learning and GAN 

based Fault Diagnostics 

 

This chapter presents a two-fold strategy for machine health diagnostics by first 

analysing the capability of pre-trained CNNs like AlexNet to classify machine vibration 

TF images, followed by the application of generative adversarial networks to enhance the 

raw TF images. 

6.1. Introduction 

Artificial intelligence (AI) based machine fault diagnosis contains three main steps: 

(1) measurement, (2) feature extraction, and (3) health status classification [115]. Sensor 

measurement involves collecting machine data while it is in operation whereas feature 

extraction is generally achieved using time-frequency analysis. For the final machine 

health classification stage, the extracted features are used to train AI models to make fault 

predictions. Time-frequency analysis (TFA) methods are generally adopted for the 

feature extraction in AI based methods as they depict the measured signal frequency 
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composition and time-varying patterns in a joint time-frequency domain, which is useful 

in analysing the characteristics of nonstationary signals [77].  

Deep learning (DL) methods, like the convolutional neural network (CNN), are 

usually used due to their powerful feature learning ability, to learn hierarchical 

representations directly from the TF images. Through model training, deep architectures 

are able to automatically select discriminative representations that are useful for making 

accurate predictions in subsequent classification stages according to the training dataset. 

However, DL-based methods require large amounts of labelled data in order to optimally 

train an architecture from scratch to achieve high accuracy classification. In machinery 

health diagnostics, gaining access to quality data with different health conditions is 

difficult and expensive. Therefore, in this chapter, the use of pre-trained DL models will 

be utilised to classify machine vibration data. Instead of training a deep architecture from 

scratch with random initiation, the proposed method uses transfer learning (TL) where a 

deep neural network that has been trained from sufficient labelled data in a different 

application is used and fine-tuned for classifying bearing vibration based time-frequency 

(TF) images for machine health diagnosis. 

It is, however, noteworthy to mention that the proposed transfer learning based DL 

method only classifies the TF images based on the fault type. In order to improve the DL 

based fault diagnosis process, the TF images generated from monitored machine vibration 

data can be further used for diagnosis to analyse the IF characteristics that can improve 

the decision-making process by putting up a mechanism for checking the reliability of the 

classification step before planning any maintenance, as shown in Figure 6. 1. However, 

the methods used for generating the TF images suffer from some drawbacks. For example, 

linear TFRs including short-time Fourier transform (STFT) and continuous wavelet 

transform (CWT) are essentially an integral transform with a predefined basis or window 
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function and are subject to the Heisenberg uncertainty principle that leads to limited time-

frequency resolution. DL methods also have the potential to offer solutions to overcome 

the resolution issues of TF images. How to enhance a TF image, i.e., overcome the 

ambiguity of TF images and achieve better representation of IF characteristics by 

application of DL is, however, still an unexplored problem, with some preliminary studies 

conducted with a focus on removing cross-terms from TF images  [116, 117]. Therefore, 

in this chapter, we also discuss a new DL based method to offer enhanced TF images of 

nonstationary signals using the generative adversarial network (GAN). GANs are 

generative models that create new data instances that resemble the training data. GANs  

have  an  advantage  over  other  deep  learning  neural  networks  in  the  way  that  they  

can  handle  efficiently  the  high  dimensional data  along  with  constraints  such  as  

missing  values, sparsity etc. In addition, the ability of GANs to provide multi-modal 

outputs makes it a promising tool for accurate image reconstruction [118, 119]. 

 

Figure 6. 1 Proposed decision support scheme for maintenance planning. 
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6.2. Pre-trained CNN based fault classification 

In this section, we will discuss how pre-trained CNN models like AlexNet [120] can 

be used for fault classification. Training a deep neural network architecture from scratch 

is difficult in practice, especially under the constraint of limited data availability [71]. 

Transfer learning (TL) provides a promising alternative for the application of DL based 

methods to areas with limited data, like machine fault diagnostics. In TL, the knowledge 

previously learned from a source domain Ds is applied to a target domain Dt. The training 

process of the target model is achieved by initialising the target model with parameters 

that are transferred from the pre-trained model, as shown in Figure 6. 2. 

 

Figure 6. 2 Proposed transfer learning based fault diagnosis. 
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The proposed framework for classifying the health status of a mechanical system with 

high accuracy is based on CNN and TF images. The pre-trained CNN used in the 

proposed framework is AlexNet, a CNN having five convolutional (Conv) layers and 

three fully connected (FC) layers, as shown in Figure 6. 3, that have been trained on more 

than a million natural images from the ImageNet database [120, 121]. In the proposed 

framework, the last fully connected layer (FC8) of AlexNet, which can classify 1000 

classes, is replaced with the classes of the target domain Dt. The weights of the other 

seven layers are transferred as is. For the input image, the collected machine vibration 

data is converted to TF images using the short-time Fourier transform (STFT). 

 

Figure 6. 3 Architecture of AlexNet [120] and the proposed fault diagnosis framework. 
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In this section, the performances of the proposed fault diagnosis framework are 

verified using experimental data from the University of Ottawa [94] bearing dataset 

explained in Chapter 3. Comparative analysis is also carried out to compare the 

classification accuracy of the proposed TL based fault diagnosis framework with a CNN 

model developed from scratch. 

Table 6. 1 University of Ottawa bearing dataset nomenclature [94]. 

Bearing health 

status 

Speed varying conditions 

Increasing 

speed 

 

Decreasing 

speed 

 

Increasing then 

decreasing 

speed 

 

Decreasing 

then increasing 

speed 

Healthy H-A-1 H-B-1 H-C-1 H-D-1 

H-A-2 H-B-2 H-C-2 H-D-2 

H-A-3 H-B-3 H-C-3 H-D-3 

Faulty (inner 

race) 

I-A-1 I-B-1 I-C-1 I-D-1 

I-A-2 I-B-2 I-C-2 I-D-2 

I-A-3 I-B-3 I-C-3 I-D-3 

Faulty (Outer 

race) 

O-A-1 O-B-1 O-C-1 O-D-1 

O-A-2 O-A-2 O-C-2 O-D-2 

O-A-3 O-B-3 O-C-3 O-D-3 

 

The University of Ottawa bearing dataset consists of vibration signals collected under 

four different time-varying speed conditions for healthy, inner race defect and outer race 

defect cases. The different types of bearing health statuses and the speed variations are 

provided in Table 6.1. The overall size of the dataset used in this experimental validation 

is 1440 samples, where the data from each bearing health status is converted to 480 

samples. The dataset is further divided into training and testing subsets, with 20% of the 

entire samples being randomly used for testing. Therefore, the diagnosis of the bearing 

fault is considered as a 3-class classification problem, where the proposed framework has 

to classify the input TF images as being healthy, faulty (inner race), or faulty (outer race). 
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The TF plots required in the training and testing processes are obtained using STFT of 

the demodulated bearing vibration signal. During the training procedure, the STFT based 

TF plots are converted and resized as images of resolution 227×227×3 to match the input 

image requirement of AlexNet. The entire training process is performed in MATLAB, 

with learning rate of 0.0001 and minimum batch size of 10. The validation accuracy of 

the proposed framework is shown in Figure 6. 4. The proposed framework is able to 

achieve a classification accuracy of 96.88%, when we directly transfer the weights of the 

pre-trained AlexNet model, whereas a CNN model designed from scratch having two 

convolution layers and one fully connected layer is able to achieve a very low 

classification accuracy of only 33.33%. 

 

Figure 6. 4 Classification accuracy of the proposed framework and a CNN designed from scratch. 

 

6.3. Deep learning based image enhancement 

The previous section demonstrated the capability of pre-trained CNNs to classify 

bearing health status under variable speed cases using STFT based TF images. However, 

the TF images themselves suffer due to low resolution. Therefore, when these TF images 
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are checked by the end-user for further diagnosis after the classification step, the fault 

induced frequency characteristics cannot be properly observed. In order to enhance the 

TF images a framework based on a generative adversarial network is discussed in this 

section. 

 

A generative adversarial network is a class of deep learning frameworks designed by 

Goodfellow et al. [119], where two neural networks, namely the generator (G) and the 

discriminator (D), contest with each other in a game of zero-sum, where one network’s 

gain is another network’s loss. Given a training set, a GAN learns to generate new data 

with the same statistics as the training set. The main idea behind a GAN is using 

adversarial networks to improve the quality of generated data. The generator (G) is trained 

to produce realistic data XGenerator from a random input noise vector z, G: z → XGenerator. 

The discriminator (D), on the other hand, learns from a loss function and tries to classify 

whether the generated data is real or fake, while simultaneously training the generator to 

minimise this loss [119]. The architecture of a GAN is shown in Figure 6. 5(a). In this 

analysis, we use a GAN to improve the resolution of a blurry TF image in order to reveal 

the correct instantaneous frequency contents of the image. The proposed idea is to convert 

machine vibration data into STFT based TF images, which contain the constituent 

frequencies that are not prominent due to low resolution and measurement noise. These 

TF images will be the input vector z, which goes to the generator (G) that generates an 

initial estimate of the input. The discriminator (D) now tries to classify the generated 

image (XGenerator) as a fake or real image based on the information of the corresponding 

ideal TF image (high resolution and without noise) fed to it as the ground truth, XReal. The 

proposed TF image enhancement idea is shown in Figure 6. 5(b). 
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Figure 6. 5 (a) Architecture of a GAN [122, 123]. (b) Proposed idea for a GAN based TF image 

enhancement. 

  

 

The main idea of using a GAN based image reconstruction is to improve the resolution 

of TF images such that the constituent IF characteristics of the machine vibration signal 

can be properly revealed. In this section, the proposed idea is validated using a simulation 

analysis by generating different TF images of simulated signals.  
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Sinusoidal signals 

In this case, simple sinusoidal signals with multi-frequency components (Case 1) and 

a single frequency component (Case 2) are considered for analysis. A simulated signal 

x(t) consisting of frequency components f1(t) and f2(t) is generated as, 

        1 2

0 0

cos 2 cos 2 ,

t t

x t f t dt f t dt n t 
   

     
   

    (5.14) 

where n(t) is the measurement noise. The values of the frequency components are set as 

f1(t) = 32 – 10sin(0.25πt), and f2(t) = 28 – 1.5t for the multi frequency component case 

whereas for the single frequency component case f2(t) is set as 0 and f1(t) = 20 + 

3sin(0.5πt). The signals in both cases are generated at a sampling frequency of 1024 Hz 

for a duration of 4 seconds. The training dataset in both the cases consisted of 50 TF 

images generated by using STFT based spectrogram of the simulated signals by varying 

the signal-to-noise ratio (SNR) of the noise n(t) from -10dB to 10dB. The learning rate of 

the generator and discriminator networks are fixed at 0.0001 for a maximum of 50 epochs 

in each case. Other parameters of the networks are fixed according to the values set in 

[122]. 

For Case 1, which has two overlapping frequency components, the STFT based TF 

image cannot properly distinguish the frequencies, especially at the areas of overlap, as 

seen in Figure 6. 6(a). However, it is observed that GAN based mapping is able to 

reconstruct the TF image of Figure 6. 6(a) to a clear TF image close to the ideal TF image 

of Figure 6. 6(b). The reconstructed TF image of Figure 6. 6(c) is seen to have a high 

resolution with the frequencies clearly visible compared to Figure 6. 6(a). Similar results 

are also observed for Case 2, where a clear TF image is obtained as shown in Figure 6. 

6(f). The spread of the frequency band and the measurement noise, observed in Figure 6. 
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6(d) are negated by GAN based image reconstruction leading to a clear TF image that is 

close to the ideal TF image of Figure 6. 6(e). 

Thus, it is observed that GAN based image reconstruction results in enhanced TF 

images in the case of signals having simple sinusoidal characteristics. 

     

  

Figure 6. 6 Reconstructed TF image results for the two cases. Generated TF image for (a) Case 1, 

and (d) Case 2. Ideal TF image for (b) Case 1, and (e) Case 2. Reconstructed TF image using a GAN 

for (c) Case 1, and (f) Case 2. 

     

Modulated sinusoidal signals 

In this section, the simulated signal x(t) is considered to be amplitude modulated-

phase modulated (AM-PM) to test the capability of a GAN based TF image enhancement 

in handling such signals. The modulated signals are considered in this section as most 

machine vibration signals are found to exhibit such characteristics. Let us consider the 

(a) (b) (c) 

(d) (e) (f) 
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simulated signal x(t) consisting of a modulating frequency f1(t) and a carrier frequency 

f2(t) as, 

         1 2 1

0 0 0

cos 2 cos 2 cos 2 ,

t t t

x t f t dt f t dt f t dt n t  
       

                    
     (5.15) 

where n(t) is the measurement noise. The modulating frequency is set to be sinusoidal 

(Case 3) and randomly increasing (Case 4) to simulate the two cases of variations. For 

Case 3, f1(t) = 20 + 3sin(0.5πt) and f2(t) = 10 f1(t). For Case 4, f1(t) is set according to the 

frequency values shown in Table 6. 2 and f2(t) = 10 f1(t).  

Table 6. 2 Points for cubic spline interpolation based curve fitting to generate the simulated frequency 

profile used in this analysis. 

Number of 

points 

1 2 3 4 5 6 7 8 9 10 11 

Time 

instants (s) 

0 0.25  0.5 1.0 1.5 2.0 2.5 3.0 3.5 3.75 4.0 

Frequency 

(Hz) 

10.0 10.0 10.0 12.0 14.0 16.0 18.0 20.0 22.0 22.0 22.0 

 

Similar to the simulation model discussed under the Sinusoidal Signals section, x(t) is 

generated at a sampling frequency of 1024 Hz for a duration of 4 seconds. Other 

parameters are also similar to the values set in the Sinusoidal Signals section. It is 

observed from the results shown in Figure 6. 7(a-c) that a GAN is able to satisfactorily 

enhance a STFT based TF image of modulated signals having sinusoidal frequencies, 

with the carrier frequency and the sidebands around it due to the presence of modulation 

being clearly visible. However, the GAN was not able to produce a fully clean image for 

the randomly increasing frequency case. One of the potential reasons for this may be the 
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severe blur present in certain sections of the input TF image of Figure 6. 7(d), which may 

have led to the GAN failing to correctly distinguish the constituent frequencies and hence 

a below par image was generated in Figure 6. 7(f).  

 

 

Figure 6. 7 Reconstructed TF image results for the two cases. Generated TF image for (a) Case 3, 

and (d) Case 4. Ideal TF image for (b) Case 3, and (e) Case 4. Reconstructed TF image using the GAN 

for (c) Case 3, and (f) Case 4. 

 

6.4. Conclusion 

This chapter discussed a deep learning based framework for reliable fault diagnostics 

of industrial machines. A two-fold idea was proposed in which the capability of natural 

image pre-trained CNNs to classify machine vibration TF images is analysed first, 

followed by the application of GAN to ehance the raw TF images. The first idea was 

validated using experimental vibration data, under different bearing defects, collected 

from a mechanical fault simulator. The pre-trained CNN used for TF image classification 

(a) (b) (c) 

Carrier 

Sidebands 

Sidebands 

(d) (e) (f) 

Severe blur Poor reconstruction 
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was able to achieve a classification accuracy of nearly 97% by just adjusting the last fully 

connected layer and compared to a CNN architecture designed from scratch, the pre-

trained model showed superior performance. The performance of GAN based image 

enhancement, on the other hand, was examined using a simulation analysis. Different 

GAN models were trained to enhance TF images under four cases of simulated signals. 

The results showed that the GAN is able to generate a high resolution estimation of an 

input blurry and noisy TF image by adversarially training a generator neural network to 

minimise a loss function by comparing the input image with its ideal representation. 

The two-fold deep learning based fault diagnostic framework discussed in this chapter 

has the potential to minimise misdetection events that are quite common in machinery 

fault diagnostics. The proposed framework provides a re-verification mechanism by 

which the results of the deep transfer learning based health status classification step can 

be checked for accuracy by examining the GAN ehanced TF image. The correctness of 

the classification step can be revealed by analysing the expected frequency characteristics 

corresponding to the predicted health status of the machine.  
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Chapter 7  

Conclusions, Contributions and 

Future Works 

 

This chapter presents the concluding remarks of the research, including a discussion 

on the major contributions of the thesis and the scope for future work. 

7.1. General discussion and conclusions 

Vibration signals of industrial rotating machines contain rich information about the 

internal forces in the system that are often related to fault mechanisms of the machine’s 

critical elements like gears and bearings [1]. Analysing the vibration signal in the 

frequency domain can reveal different FCFs that can be directly linked to the health 

codition of the machine elements. It is, however, observed that the vibration signals are 

typically non-stationary in nature due to the periodicity of the excitation mechanisms 

being intrinsically related to the machine kinematics, like the shaft rotational frequency. 

Under practical industrial settings, it is observed that machines always operate under 

different levels of speed variations, which destroys the periodicity of the machine 

vibration signal leading to a failure of the traditional frequency domain techniques [5]. 
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Therefore, there is a need to develop methods that can handle non-stationary vibration 

signals.  

To address these issues, different strategies for reliable machine health diagnostics 

using measured vibration signals under non-stationary operating regimes were developed 

in this thesis. Chapter 2 discussed a spectral smearing alleviation technique for bearing 

diagnostics that uses FDTW to reconstruct and resample the bearing envelope signal 

without the need for any auxiliary sensor based reference signal. The developed technique 

was validated using vibration measurements from a laboratory set-up and a 2MW wind 

turbine bearing. The investigations showed that FDTW is capable of resampling the 

envelope of a train of random impulsive signals such that the repetition rate is transformed 

from variable time-intervals to constant time-intervals, which removes the effect of time-

varying frequency. The FDTW based smearing alleviation technique was then applied to 

vibration signals collected under large speed variation by using VKF based harmonic 

extraction, which was discussed in Chapter 4. The results show that the VKF is able to 

comfortably extract a shaft harmonic signal by utilising a time-varying filter even in the 

case of frequency overlap caused by large speed variations. The VKF-FDTW technique 

was validated for both bearing and gear vibration signals using measurements from a 

mechanical fault simulator and a planetary gearbox, with speed variations greater than 

100%. 

One of the aspects of machine health diagnostics is the need for strategies that require 

less expert knowledge for implementation. In that direction, Chapter 5 discussed an 

adaptive fault diagnostics technique for multi-stage industrial gearboxes using VMD and 

FDTW. This technique does away with the requirement of manually setting filter 

parameters for harmonic signal extraction for efficient signal resampling and replaces it 

with the self-adaptive VMD based signal decomposition. The developed technique of 
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Chapter 5 was validated using measurements to diagnose faults in a 750 kW planetary 

gearbox and a 3MW wind turbine gearbox. The results indicate the effectiveness of VMD 

to adaptively extract a gear-mesh harmonic related component from a noisy multi-

component measurement under speed fluctuations, which can be subsequently used in 

conjunction with FDTW for signal transformation and spectrum generation in order to 

diagnose any impending faults in any stages of a multi-stage gearbox. 

Finally, an automated two-fold fault diagnostics strategy based on DL architectures 

was developed in Chapter 6. The two-fold strategy is based on converting machine 

vibration signals into TF images. The original TF images are used to classify the health 

status of a monitored machine based on transfering the learning and classification 

capabilities of a pre-trained CNN. In order to improve the DL based fault diagnosis 

process, the classified TF images are used for further diagnosis to analyse the 

instantaneous frequency characteristics that can improve the decision making process by 

putting up a mechanism for checking the reliability of the classification step before 

planning any maintenance. It is, however, well known that machine vibration TF images 

suffer from low resolution issues. Therefore, a generated adversarial network based image 

reconstruction strategy was developed to enhance the quality of the classified TF images. 

The pre-trained CNN based classification architecture was validated using bearing 

vibration measurements from a mechanical fault simulator and  it was able to achieve a 

classification accuracy of nearly 97% by just adjusting the last fully connected layer. The 

GAN architecture, on the other hand, showed promising results in denoising and 

improving the resolution of the original TF images generated under different simulated 

sinusoidal signal and modulated signal scenarios. 
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7.2. Major contributions 

In view of the conclusions drawn above, the main contributions of this research can 

be listed as follows: 

1. A new spectral smearing alleviation technique is developed, which can 

transform the measured vibration signal of bearings and gears into the order 

domain without the use of any auxiliary tachometer signal even in presence of 

overlapped shaft rotational frequency orders. The developed technique is an 

improvement of the traditional phase demodulation based order tracking 

techniques that provide reliable results only when a well-separated, high SNR 

harmonic of the rotational frequency is available for signal transformation. 

2. A self-adaptive fault diagnostic algorithm for multi-stage gearboxes is 

developed, which can adaptively extract a harmonic of the shaft rotational 

frequency, without extensive manual intervention, to perform order domain 

transformation of measured vibration signal.  

3. A CNN based fault classification strategy is developed, which showed that a 

multi-layered deep neural network pre-trained on a large dataset of labelled 

natural images can be effectively used to classify machine vibration signals 

under limited data scenario by simplying transfering the weights of the 

network and replacing the last fully connected layer with the target machine 

health classes. A TF image ehancement strategy is also developed, which 

demostrated the effectiveness of GAN based image-to-image translation to 

denoise and improve STFT based spectrogram images of machine vibration 

signals to reveal their true instantaneous frequency characteristics. 
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Thus, the strategies developed in this thesis can be utilised for reliable fault 

diagnostics of industrial machines operating under a non-stationary regime. 

7.3. Future works 

Based on the findings of this research, there are several potential areas of future work: 

1. The FDTW based tacho-less smearing alleviation technique could be 

improved to diagnose machine health is the case of compound fault situations 

wherein several faults in multiple machine elements appear simultaneously. In 

compound fault scenarios, several defect modes are mixed together and 

interfere with each other, thereby creating a challenge for extracting 

appropriate fault features from measure vibration signals. 

2. One of the issues with deep learning based strategies is translating the trained 

models of developed architectures to diagnose the health condition of 

machines with unlabelled data. The transfer-learning framework proposed in 

this thesis could be improved by pre-processing the data with advanced signal 

processing tools to generate quality TF images before training, such that the 

trained models could be used to classify the health status of a machine having 

a completely different distribution of the measured data. Moreover, the GAN 

based TF image enhancement framework needs to be validated using 

experimental measurements. 

In the field of machine condition monitoring, prognostics is an important aspect that 

can predict the future health status and the remaining useful life (RUL) of a deteriorating 

component. Therefore, development of methodologies that can estimate the fault severity 
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level, and predict the RUL of critical components using machine signals collected under 

a non-stationary operating regime is a crucial topic for further study.
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