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Significant number of breakdowns in rotating equipment can be attributed to defective bear-
ings. Thus, the close monitoring of bearing condition has seen increased attention in recent
times. The difficulty in sample acquisition associated with defective bearings is one of the
bottlenecks stifling the advancement of effective and reliable diagnosis model for real-time
bearing condition monitoring.

This thesis aims to simulate the behavior of common bearing defects using a dynamic model
that was previously proposed. It also demonstrates how bearing diagnosis knowledge from
simulation can be applied in real-world settings, bridging the gap between the two domains
and ultimately resolving the pervasive sample acquisition problem.

A simplified CNN architecture was used in developing a pretrained model using simulation
data, thereafter, several transfer learning techniques were tested and evaluated on the basis
of parameter modification. The results showed remarkable performance in three out of four
techniques investigated.

Since the performance and generalizability of data-driven models are tied to the quality and
scope of the data used for their development, further studies were suggested in that regard.
Overall, a diagnosis framework has been studied and presented which would serve as a base
for future research.
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SYMBOLS AND ABBREVIATIONS

Roman characters

a Output of filter

C Damping

Cp Damping coefficient

Cd Clearance

D Raceway diameter

d Diameter

E’ Modulus of elasticity

e Eccentricity

F Force

fs Shaft’s frequency

h Height

ho Lubricant film thickness

1 Rotational inertia

K Stiffness

K, Contact stiffness coefficient

k. Approximated ellipticity pa-
rameter

L Length

M Total number of categories

m Mass

v



Number of balls

Number of samples
Rotation speed

Output of the specific filter
Pooling output

Step

Curvature sum

Curvature difference

Radii of curvature in x-plane
Radii of curvature in y-plane
Radius

Output of layer

Torque

Neuron number

Bias

Width of pool

Weights

X-direction

Y-direction

Sample

Z-direction

Output of f-th neuron



Greek characters

S N oY

Angle occupied

Attitude angle (azimuth angle)
Second ellipticity integral
Deformation

First ellipticity integral
Viscosity parameter
Viscosity parameter
Poisson’s ratio
Misalignment

Contact angle

Pi

Position angle

vi



Subscripts

ax

ay

bd

bx

out

rd

Solid a, x-direction
Solid a, y-direction
Bore

Ball

Bearing distance
Solid b, x-direction
Solid b, y-direction
Defect

Friction

Housing

Inner race

jth ball

k-th filter

Pitch

Outer race
Raceways distance
Vibration signal
x-direction
y-direction

z-direction
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Superscripts

a Aial

in Inner

k k-th filter

[ layer

out Outer

r Radial

tot Total
Abbreviations

1D One-dimensional

2D Two-dimensional

AE Autoencoder

Al Artificial Intelligence

ANN Artificial Neural Network

BPFI Ball Pass Frequency of the Inner Race
BPFO Ball Pass Frequency of the Outer Race
CBM Condition-based Maintenance

CNN Convolution Neural Network

DBN Deep Belief Network

DL Deep Learning

DOF Degree of Freedom

EHL Elastohydrodynamic Lubrication
EMD Empirical Mode Decomposition

FDI Fault Detection and Isolation

viil



FFT Fast Fourier Transform

FTF Fundamental Train Frequency
GAN Generative Adversarial Network
14.0 Industry 4.0

IFD Intelligent Fault Diagnosis
KNN K - Nearest Neighbor

ML Machine Learning

PCA Principal Component Analysis
PdM Predictive Maintenance
REBs Rolling Element Bearings
ReLU Rectified Linear Units

RF Random Forest

SVD Singular Value Decomposition
SVM Support Vector Machines

TL Transfer Learning

TPU Tensor Processing Unit

VMD Variational Mode Decomposition
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1 INTRODUCTION

In maintenance and reliability engineering, there are essentially four types of maintenance
that are concomitant to the industrial revolutions (Poér, Zenisek, and Basl 2019, p. 23):
reactive maintenance (industry 1.0), preventive maintenance (industry 2.0), proactive main-
tenance (industry 3.0) and predictive maintenance (industry 4.0). However, there have been
several classifications of maintenance strategies over the years. For instance, Shin and Jun
(2015), classified maintenance as follows: corrective maintenance, condition-based mainte-

nance (CBM), and preventive maintenance.

Jardine, Lin, and Banjevic (2006, p. 1483) classified maintenance into reactive, scheduled,
condition-based and predictive maintenance. Other works have added prescriptive mainte-
nance to the four highlighted in Poor et al. (2019, p. 23). A general classification of main-
tenance comprising corrective, preventive, condition-based, and predictive maintenance is
presented in Figure 1. According to Prajapati, Bechtel, and Ganesan (2012, p. 384), CBM
was first known as predictive maintenance (PdM) when the Rio Grande Railway Company
first conceived it during the 1940s. There is a connection between CBM and PdM strategies,
and unlike others are regarded to be a part of modern smart manufacturing or industry 4.0
(14.0).

— Corrective maintenance

- Preventive maintenance
Maintenance —

—— Condition-based maintenance

— Predictive maintenance

Figure 1: Maintenance strategies.

Condition monitoring, which is the main theme of this study and the driver of CBM can ei-
ther be used for the prognosis of machine components (e.g., predicting a gear’s remaining

useful life) or diagnosis of machine components (e.g., detection and identification of incip-



ient faults). Inaccurate diagnosis as well as late detection has proved to be costly and since
the complexity of industrial systems and processes has increased, the challenges and con-
sequences are enormous. The application of artificial intelligence (Al) to several fields has
made a significant impact, and thus there has been a considerable shift in research related
to condition monitoring in machines from traditional techniques which are often human and

operating characteristics dependent to Al based methods.

This research focuses on how data associated with rotor-bearing faults from earlier devel-
oped dynamic models can be utilized in building models capable of intelligent fault detection
and diagnosis. It begins with a comprehensive literature review of possible bearing faults,
followed by an assessment of the contributions of Al including transfer learning (TL), for
bearing diagnosis. Next, a review of the dynamic model earlier developed for each of these
possible faults, followed by the TL model used for this study. Finally, case studies are pre-

sented.

1.1 Background

Bearings are machine components that are designed to support another machine element that
is either rotating or oscillating (Chaudhari, Thakare, Patil, and Gunjal 2015, p. 1674). The
basic functions of bearings are to reduce friction between moving parts, support radial and
axial loads, and transfer forces to support structure. They typically comprises several balls or
rollers, enclosed between a pair of rings, also known as races, that roll or rotate in response
to the applied load. (Yakout and Elkhatib 2013, p. 3288.) The structure of Rolling Element
Bearings (REBs) is dependent on its application as well as its type. An exploded view of
the general components contained in a bearing is shown in Figure 2 below. REBs also allow
for high-speed operation and are capable of efficient power transmission, which makes them
ideal for different uses such as pumps, motors, gearboxes, and other high-speed rotating

machinery.

Rollers Cage

Exploded
View,
—

I
Outer ring Inner ring

Figure 2: Spherical roller bearing (Ghalamchi 2014, p. 17).



Bearings are typically designed with accuracy and precision because their service perfor-
mance is directly related to these (He, Zhang, Geng, Wang, Luo, Zhang, and Ren 2022, p.
3493). However, while in service, defects are induced in them due to several factors such as
misalignment, poor lubrication, improper installation, fatigue, and contamination. Defects
in bearing are classified as either localized or distributed defects. Localized defects refer to
specific, isolated areas of damage or wear within the bearing whereas distributed defects refer

to more widespread areas of damage or wear that are not limited to a specific area.

Many techniques are available for monitoring the health of bearings, however, vibration mon-
itoring is widely regarded as a superior technique due to its dependability and exceptional
responsiveness to the magnitude of defects (Patidar and Soni 2013, p. 1804). All vibrations
are associated with a certain frequency, enabling analysts to use the frequency spectrum as-
sociated with a given system for identifying deviations. The raceways and roller faults give
off high amplitude at unique frequencies which are referred to as the defect frequencies. The
frequencies are obtained using the pitch diameter and rotational speed of the balls. In par-
ticular, the number of balls is a significant factor in detecting faults in raceways. (Saruhan,
Sandemir, Cicek, and Uygur 2014, pp. 384 - 385.)

Generally, there is a predictable course to failure of bearings which can be detected by vibra-
tion analysis (Alsalaet 2020). The four stages are:

1. Early signs of problems in bearings occur in the ultrasonic range between 5 Hz — 50

kHz and are measured using spike and shock pulse instruments.

2. During the second stage, small defects become apparent, aligning with the bearing’s

natural frequencies which typically fall within the 500 Hz to 2 kHz range.

3. The third stage shows the bearing defect frequencies on the spectrum as well as their
harmonics which is an indication of the severity of the wear. These characteristic fre-
quencies include the rollerpass frequency of the inner and outer races commonly re-
ferred to as (BPFI) and (BPFO), and the fundamental train frequency associated with
the cage.

4. This is the final stage and damage is exponential during this stage.

While vibration analyses can show these faults, it is challenging in practice especially when
they are early and there is low signal-to-noise ratio. In lieu of this, motor current signature
analysis is utilized, but it faces practical issues such as variation in stator currents at different
operating conditions. Furthermore, data needs to be taken from a healthy motor while it is
operating under varying loads and speeds, and this needs a thorough and well-organized setup
phase. This procedure, outlined in US5726905 patent (Yazici and Kliman 1998), is a learning



phase; nevertheless, it is time consuming and expensive since it needs to be repeated at every

unique power rating (S. Zhang, Zhang, Wang, and Habetler 2020, p. 29858).

The major drawback of these methods above is that they depend on the fault characteris-
tic frequencies for bearing fault identification. Practically, the signals extracted are usually
complex and a combination of faults can quickly change the fault features which might make
human interpretation prone to errors. Although a professional with expert knowledge may
be able to diagnose the faults, the application of Al for intelligent fault diagnosis can greatly

increase the accuracy and speed thereby reducing the maintenance cycle.

1.2 Motivation

Bearings are often points of manifestations of problems developing or have already occurred
in rotating machines. This is because they are subjected to the transmission of loads thereby
playing an essential role in the system. (De Silva 2007, p. 213.) These problems could be
due to unbalance, misalignment, high dynamic loads, or contaminants. An estimated 76.2%
of breakdowns in the wind turbine drivetrains can be attributed to defective bearings (Sheng
2017, p. 3). Therefore, bearing faults detection and isolation is crucial if machine health is
to maintain good working conditions. To achieve this, various faults prevalent in REBs need

to be understood as well as the underlying physical phenomena contributing to the fault(s).

Studies in this regard would typically need a thorough analysis of the historical data related to
a specific fault. But since the performance of REBs are generally operating condition depen-
dent, it makes the whole process challenging. The safety risk a faulty equipment poses make
data acquisition difficult, and the multi-physics nature of the problem further increases the
complexity. Suppose there are difficulties in obtaining sufficient historical data for training
a model, then, one approach to solve this would require one to use artificial (or simulated)
data to make the diagnosis model, and subsequently for forecasting the condition of real
equipment. Studies have revealed that this will underperform. The model cannot perform
satisfactorily on the data associated with real equipment because its domain possesses fea-
tures that makes it different from that of real equipment. This is a domain adaptation problem
that may be regarded as a subset of TL. Since 14.0, Al has gained traction in recent years as it
has proved superior in research in numerous fields. This thesis investigates using AI models
to parse faulty data, learn from it, and then by means of transfer-learning identifying faults

at the target.



1.3 Scope and objectives

This investigation focuses exclusively on simulating faults that may occur in specific com-
ponents of bearings, namely, the outer and inner races. A deep groove ball bearing dynamic
model earlier developed (Sopanen and Mikkola 2003a) and implemented in a multibody dy-
namic software, MSc Adams (Sopanen and Mikkola 2003b) will be further extended to the
RoBeDyn toolbox. RoBeDyn is a rotor-bearing dynamic toolbox in Matlab developed at the
Machine Dynamics Laboratory at LUT University. This study will further demonstrate how
transfer learning can be implemented by exploiting the information contained in the source
(simulated data) for fault identification at the target (real data). Transfer learning will be
implemented using Google’s TensorFlow framework, a leading machine learning framework
used in the development of the Tensor Processing Unit (TPU), which enables fast Al model

training.
Given the challenges stated in earlier sections, the objective is outlined as follows:
1. Identification of possible faults in a rolling element bearing
2. Extending the functionality of RoBeDyn for defective bearing simulation
3. Develop a DL model capable of fault recognition at the source (simulated data) level
4. Transfer of diagnosis knowledge to target (real data) level considering insufficient sam-

ples and domain discrepancies.

1.4 Structure of the thesis

The thesis’ remaining sections are organized as follows:

Chapter 2 is dedicated to a review of literature pertinent to the study. It starts with an ex-
planation of the concept of faults and the approaches that have been taken to model fault
indicators. Next, a short but detailed review of dynamic bearing models that have been de-

veloped in the past. Finally, a review of the applications of some ML, DL, and TL theories.

Chapter 3 focuses on the ball bearing model and highlights key details from the previous
study conducted. The significance of characteristic frequencies for bearing condition moni-

toring is also discussed in this chapter.

Chapter 4 introduces transfer learning, a powerful machine learning approach. It begins
with a concise introduction to Convolutional Neural Networks (CNN) and describes some

of the typical layers found in these networks. The chapter then presents the specific CNN



architecture utilized in this study, along with an explanation of the different transfer strategies

employed.

Chapter 5 is devoted to the case studies that were undertaken. The chapter presents two
specific cases, each addressing different aspects of the study. The first case revolves around
bearing defect detection utilizing the Fast Fourier Transform (FFT) technique. The simulation
setup involves using the same equipment with a defective bearing as in the previous study,

enabling a meaningful comparison and contrast of the results.

The second case explores fault recognition, specifically emphasizing the application of trans-
fer learning. The simulation environment is meant to model a real-life situation, demonstrat-
ing how diagnostic information may be transferred from one setting to another. This case
study demonstrates the effectiveness and applicability of transfer learning in practical con-

texts.

Chapter 6 presents a comprehensive analysis of the study’s findings in relation to its set
objectives and previous studies. It outlines the implications and reliability of the results,

while also highlighting the contributions made by the study as well as its limitations.

Chapter 7 marks the concluding chapter of this study, providing a summary of the research
conducted. It presents the key findings and conclusions drawn from the study. Additionally,
the chapter offers insightful suggestions for future research directions and potential enhance-

ments to further improve the obtained results.
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2 LITERATURE REVIEW

This chapter examines available literature on bearing faults and the methods that have been
developed to identify them. The Al section of this chapter delves into the many machine
learning approaches used for defect detection and identification, highlighting the most im-
portant research in this area. Furthermore, the chapter examines the application of transfer
learning in intelligent fault diagnostics, reviewing relevant research and its implications in
the field.

2.1 Concept of faults

When a system’s defining attribute deviates from its norm, we say that the system has a fault.
Faults, if not detected and isolated, could lead to failure. Failure is an interruption of a system
from functioning as desired. Faults can generally occur in three areas and are subsequently
categorized as sensor faults, actuator faults, and plant faults (Larson, Parker, and Clark 2002,
p. 4215). In order to maintain the functionality of systems, efforts have been made to identify

faults in their early stages, isolate them, and sometimes, reconfigure them.

Over time, three primary methods for developing fault-sensitive indicators have emerged:
data-driven, hybrid, and model-based strategy (H. Li and Xiao 2011; Tidriri, Chatti, Verron,
and Tiplica 2016) as shown in Figure 3 below.

2.1.1 Model-based approach

This approach is divided into quantitative and qualitative methods, the former of which is ac-
complished via the use of mathematical relationships to connect the input and output, and the
latter of which is accomplished through the utilization of a qualitative function. Understand-
ing the process and the system at hand, generally from first principles, is usually necessary
for success when using model-based approaches. The method relies on residuals, and system

inconsistencies, to indicate faults.

In general, studies using model-based quantitative approaches can be grouped into observers
(Du, Hou, and Wang 2022; Trajin, Regnier, and Faucher 2008; Ye, Zhang, and Yang 2022),
frequency domain methods (Abboud, Sieg-Zieba, and Eltabach 2017; Mba and Reuben 2014),
parameter estimation (Attaran and Ghanbarzadeh 2015; C. Li, Ledo, Delgado, Cerrada, Pacheco,
Cabrera, Sanchez, and Valente de Oliveira 2017) and so on. Its counterpart, qualitative

model-based approaches can be grouped into fault trees, digraphs, etc.
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While the key advantage of the model-based approach is its cost-effectiveness since the im-
plementation of fault detection requires no hardware, there is a challenge in modelling reliable

and accurate models.

Quantitative:

a. Observers (e.g. luenberger observers,
kalman filters, H o based observer).

b. Frequency domain (factorization)

—

~ Model based — c. Parity space

Qualitative:
___| a. Digraphs
b. Fault trees

Fault di . c. Qualitative physics
ault diagnosis - %

methods

Qualitative:
a. Expert system
[ b.Qualitative trend analysis (QTA)

Hybrid Methods

— Data-driven — Quantitati
uantitative

Statistical:

a. Principal component analysis (PCA) /
partial least squares (PLS)

b. Statistical pattern classifiers

Non-statistical:
a. Neural networks (e.g. ANN, CNN, RNN)

Figure 3: Fault diagnosis methods.

2.1.2 Data-driven approach

This approach is dependent on historical data, usually a large data set. A typical diagnostic
system using data is essentially a detection and classification system. Feature extractions are
performed on the data to aid diagnosis. Comparable to the model-based strategy, it is seg-
mented into quantitative and qualitative sub-strategies, with the former including supervised

and unsupervised learning approaches.

Most works in this area use methods such as artificial neural networks (Samanta and Al-
Balushi 2003; Pandya, Upadhyay, and Harsha 2012), partial least squares (Cui, Hong, Qiao,

12



and Yin 2017; F. Q. Li, Fan, and Zhang 2014), principal component analysis (De Moura,
Souto, Silva, and Irmao 2011; Shi, Guo, Yuan, Liu, Hou, and Sun 2020) and so on. Qualitative
works employing a data-driven approach employ the use of expert systems (Berredjem and
Benidir 2018; T. I. Liu, Singonahalli, and Iyer 1996) and trend analysis.

Since 14.0, there has been a considerable shift towards Al methods and more research in
literature is exploring their use in FDI. The latter portion of this chapter provides a more
in-depth analysis of recent developments. However, this method relies on having sufficient
data.

2.1.3 Hybrid approach

The need for a robust and reliable fault detection system especially for large and complex sys-
tems capable of realizing all faults has necessitated research into the possibility of integrating

both approaches.

One of the early efforts was made by Mylaraswamy and Venkatasubramanian (1997), and it
consisted of employing a combination of signed digraphs, qualitative trend analysis, and a
statistical classifier based on probability density functions. During the test, the model was ca-
pable of detecting and recognizing the faults occurring in the plant. This laid the groundwork
for subsequent studies that made use of the signed digraph, some of which were particularly
concerned with isolating a particular type of residual generator within the data. Using bear-
ings as an example, K. Li, Zhang, and Li (2012) showed that Kalman filtering and Support
Vector Machines (SVM) may be combined to group defects with an accuracy of 96.6% or
higher.

Overall, there are limited works that have provided a general framework for the fusion of a
data-driven approach and a model-based approach. Although the benefits are enormous, it is

still an emerging field.

2.2 Rolling element bearing models

Before the 1960s, studies on REBs were carried out experimentally. Since then, it has pro-
gressed from empirical formulations which were static or quasi-static to theoretical formu-
lations which apply to transient conditions such as time-dependent increase and decrease of
rotation speed. Initially, models were developed to describe the normal behaviour of bear-
ing and rotor-bearing systems, the sensitivity of rotating equipment to faulty bearings has

necessitated several research in the modelling of defective bearings.

Quasi-static models are often used in bearing design because of their ease of use and ability

to accurately describe the stiffness, load distribution, and fatigue life. The solutions from the

13



static equilibrium are utilized as the initial conditions to the differential equations of motion.
Richard Stribeck is credited with having carried out one of the earliest studies in this area. Ja-
cobson (2003, p. 784) in ”The Stribeck Memorial Lecture” paper, it is stated that R. Stribeck
released his well-known publication, ”Kugellager fiir beliebige Belastugen” in 1901 where
he showed that in radially loaded bearing, the load zone is less than 90°, and the most loaded
ball is 4.37 times higher than the average ball load when there is no internal clearance. This
was determined using Hertz’s contact theory, and Palmgren subsequently determined that the

constant should be increased to five times its original value.

While Stribeck considered only a simple radial load, Rumbarger worked on a model for the
axial load. Sjovall went on to show that radial and axial load affect the maximum roller load
and bearing load. (Hong and V.-C. Tong 2016, p. 1730.) The Jones model, which Harris
modified into what is now known as the Jones-Harris model (Harris and Crecelius 1986), is a
model with 5-degrees of freedom (DOF) created to analyze deflections and loads associated
with bearings. The bearing model is suitable for situations where there is misalignment or a
high level of loading. Currently, the Jones-Harris model is popularly used to calculate bearing

deformation.

The previously mentioned quasi-static bearing models can only be used in steady-state situ-
ations. When there are changes in rotational speed, such as acceleration or deceleration, or
in applications where the speed is high, and unstable motion might lead to the bearing fail-
ing sooner than anticipated like in turbines, a dynamic model is necessary. High rotational
speeds can also result in failure types that are not typical. Thus, differential equations derived
from Newton’s second law replace the quasi-static model’s equilibrium equations. (Hong and
V.-C. Tong 2016, p. 1739.)

Dynamic modeling of bearings sparked a lot of interest since Walters (1971) first attempt,
and this has culminated in several dynamic models for ideal and defective bearings. Bearing-
induced vibration is mostly caused by faults in the bearing’s component parts. These defects
are categorized as localized and distributed, depending on the relative area covered by the
damage. A pulse is produced when a localized defect passes its corresponding surface which
coincides with the defect frequency given that the rotational speed is constant. (Tandon and
Choudhury 1999, p. 470.)

Gupta’s 6-DOF model (P. K. Gupta 1984) laid the foundation for numerous types of research
for dynamic modelling of bearings. He also studied how out-of-roundness would affect bear-
ing performance and found that only large deviations from circularity will influence it (P.
Gupta 2008). On the basis of Gupta’s work, a dynamic high-speed bearing model consisting
of defect on the raceways was constructed by Niu, Cao, He, and Li (2014) so that he could
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investigate the bearing’s reaction to vibrations. Likewise, X. Liu, Deng, and Teng (2011)

made a dynamic cage model to examine its stability in high-speed applications.

Nutakor, Talbot, and Kahraman (2019) have shown that depending on operating conditions,
the lubrication at rolling contacts dictates the rolling-sliding contacts’ friction. Hamrock and
Dowson (1981) had investigated the elastohydrodynamic lubrication (EHL) associated with
lubricant film thickness leading to closed-form equations for finding the minimum or central
film thickness for smooth surfaces. After researching the damping capacity of bearings, Dietl,
Wensing, and Van Nijen (2000) revealed that the lubricated contact that exists at the roller-

raceways has a major influence on the damping.

Sopanen and Mikkola (2003a) created a 6-DOF ball bearing dynamic model which was subse-
quently implemented in MSC Adams - a commercial multi-body system software application
(Sopanen and Mikkola 2003b). Not only did the study consider both localised and distributed
defects, but they also studied the effect of diametral clearance which had a significant effect
on vibration level, and low-order waviness which caused vibrations whose frequencies are
equal to the product of the rotation speed and waviness order. The excitation function for
the piecewise displacement was derived using the step as well as tangent functions related
to the defect’s size unlike Patil, Mathew, Rajendrakumar, and Desai (2010) who employed a

half-sine function for modelling the bearing’s defect.

Arslan and Aktiirk (2008) investigated the response of angular contact bearings under normal
and defective conditions using a shaft-bearing model which was regarded as a mass-spring
system. To better forecast the dynamics of rotor-spherical roller bearing systems, Ghalam-
chi, Sopanen, and Mikkola (2015) introduced a novel 3-DOF spherical roller bearing model.
The model may be used in both steady-state and transient investigations since it accounts
for imperfections such as localized defects and waviness. The model was validated through
numerical calculations and showed that it accurately predicts changes in contact forces, bear-
ing displacement, elastic deformation, and diametral clearance with varying radial loads. In
their subsequent paper, Ghalamchi, Sopanen, and Mikkola (2016) shed more light on spher-
ical roller bearings with localized defects where they presented analytical formulations for

the defect depth and stiffness calculations.

Studies on high-speed applications, and other forms of defects such as waviness have also
seen increased attention since the latter was first investigated by H. Perret, and subsequently
E. Meldau (Harsha and Kankar 2004, p. 1058). Hou, Wang, Xie, and Peng (2021) recently
revised a ball bearing model to assess outer race waviness-induced vibration at high speeds
and axial loads. Kurvinen, Sopanen, and Mikkola (2015) improved the work by Sopanen and

Mikkola (2003a) by taking into account centrifugal forces and gyroscopic moments.
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Y. Wang, Wang, Zhang, and Zhao (2015) created a dynamic model for analyzing skidding’s
influence in angular contact ball bearings. This model takes into consideration the interac-
tions that occur between the components of the bearing and the lubricant. According to the
findings of the research, the axial load has a significant impact on the behavior of skidding.
This is due to differences in the load and the rotational and orbital speed of the ball that oc-
cur as a consequence of different operating conditions. Also, J. Liu, Xu, and Pan (2021),
suggested a model that accounts for differential sliding friction torques, EHL, and elastic
hysteresis. The research compares the new model to older ones and investigates how bearing

speed, load, and defect size affect the bearing’s acoustic properties.

2.3 Bearing fault diagnosis

Detecting and isolating faults as well as other processes that go beyond just determining the
existence and cause of a defect are all included in the concept of fault diagnostics. After
locating and isolating the issue, the system is examined to ascertain its underlying cause and
gauge its effect on the system’s operation. A diagnosis is given based on this analysis, which

identifies the issue, its fundamental cause, and any required remedial measures.

Study conducted by Peng, Bi, Xue, Zhang, and Wan (2022) showed that the methods asso-
ciated with fault diagnosis of REBs can be classified as fault recognition and detection. The
focus of this study, fault recognition, is concerned with the classification of the faults using
feature extraction techniques or automatically learning features from the data, whereas fault
detection methods rely on the defect frequencies earlier discussed. The diagnostic process is

shown in the flowchart presented in Figure 4.

Fault detection process

Signal Spectogram Manual
processing analysis detection

Rotating Condition
Equipment monitoring

Fault recognition process
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Figure 4: General flowchart of the diagnosis process.
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2.3.1 Fault detection

Vibration signals are often indirectly obtained using a transducer mounted on the bearing
support, which leads to the introduction of noise into the data. In order to reduce this inter-
ference, magnify the signals associated with the fault, expedite the fault detection process,
and boost its effectiveness, a number of fault detection approaches based on vibration analysis
are available in literature. Figure 5 below illustrates how Peng et al. (2022, p. 347) classifies
these techniques into four broad categories: morphological transformation techniques, filter

techniques, decomposition techniques, and deconvolution techniques.

Morphological transformation-based methods are a category of signal processing techniques
that use mathematical transformations to extract or enhance features in a signal for fault de-
tection. The mathematical morphology theory, a concept concerned with the study of forms
and structures, was first used as a denoiser in image processing by Matheron, and subse-
quently in signal processing by Maragos (Matheron 1975; Randall and Antoni 2011). After
that, Nikolaou and Antoniadis (2003), used it for demodulating the defective signal to obtain
an envelope from it. Some common examples under this category that are used in defec-
tive bearing studies include composite morphological filters, morphological gradient-based

methods, and multi-scale morphological filters.

The filter-based methods are a category of signal processing techniques that use filters to
extract features and can effectively identify and remove noise to improve fault diagnosis
accuracy. Despite their effectiveness, they are limited by the selection of filter parameters and
design, which can complex and laborious. The term “optimal wavelet filter” refers to a class
of wavelet filters that aim to optimize the identification of important signal characteristics

while limiting the detection of noise. Some of the filters are morlet, symlets, and coiflets.

With decomposition-based methods, the signal is broken down into several basis functions
that correspond to the signal’s various frequency components. It is then possible to separate
the fault-related components and eliminate the noise and other non-fault-related components.
Well-known techniques used for REBs fault detection in this category include the local mean
decomposition (LMD), empirical mode decomposition (EMD), varitional mode decomposi-

tion (VMD) and singular value decomposition (SVD).

Deconvolution-based techniques are used to identify faults by eliminating the transmission
path’s impacts from the measured signal. By using an inverse filter to simulate the trans-
mission path and account for its impacts on the observed signal, it is possible to estimate the

fault-related signal.
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Figure 5: Fault detection methods.

2.3.2 Fault recognition

In contrast to manual detection methods that require observation of the spectral lines asso-
ciated with the defects on the spectrum, the use of artificial intelligence enables knowledge
extraction from the given data, learning features and classification which facilitates the recog-
nition of bearing faults (Lei, Yang, Jiang, Jia, Li, and Nandi 2020, p. 2). Figure 6 shows that

fault recognition may be split into deep learning and traditional approaches.

In traditional approach, important features are extracted to create a feature set. This includes
calculating statistical descriptive measures like root mean square, skewness, and root mean
square frequency in the time or frequency-domain, to extract properties from vibration sig-
nals. The feature set is then decreased in dimension while keeping the essential details re-
quired for classification during the subsequent feature reduction stage. According to Basu
and Andrews (2013), this is crucial since having too many features might cause the model to
overfit and lose some of its generalizability. Techniques like principal component analysis
may be used for achieving this. In the final phase, classification, the input data is divided
into several categories, such as normal and defective, using the reduced feature set. This is

often accomplished using either an unsupervised learning technique, where the model de-
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a. Time domain features (e.g. kurtosis, mean, standard
deviation and crest factor)

b. Frequency domain features (e.g. peak frequency,
sideband content, rotating frequency, BPFO and BPFI)
c. Complexity evaluation indexes using fractal
dimension and methods dealing with entropy e.g.
dispersion entropy and approximate entropy

— Feature Extraction —>

a. Feature transformation using principal component
analysis, linear discriminant analysis and margin
fisher analysis

_ Traditional methods —— Feature Reduction —> b. Feature selection using: filter-based methods

(e.g. fisher score and Relief-F); wrapper-based
methods e.g. particle swarm optimization and

ant colony optimization; and embedded-based methods

a. Artificial Neural Network (ANN)

b. Support Vector Machines (SVM)
‘—  Classication | —» ¢ K-Nearest Neighbor (KNN)

d. Random forest

e. Others

Fault recognition —

a. Convolutional Neural Network (CNN)
b. Recurrent Neural Network (RNN)

- Deep learning — > c. Deep Belief Network (DBN)

d. Autoencoders (AE)

e. Generative Adversarial Network (GAN)
f. Others

Figure 6: Fault recognition methods.

tects patterns in the data without previous labeling, or a supervised learning approach, where
the training is conducted using labeled data. SVM, ANN, and decision trees are common

classification techniques used.

Deep learning approaches to bearing fault recognition involve training deep neural networks
to learn and automatically extract relevant features from vibration signals. They are designed
with multiple layers that can learn abstract representations of the data, allowing them to un-
derstand complex relationships between the input data and the fault types (R. Liu, Yang, Zio,
and Chen 2018, p. 36). Deep learning has demonstrated promising results in bearing defect
detection, with some studies showing high classification accuracy. However, training these
methods requires a lot of data and computational power, which may restrict their use in cer-
tain applications. Furthermore, it may be challenging to interpret the learned features and the
underlying fault mechanisms due to their black-box nature (Camilleri and Prescott 2017, p.
87). These techniques and those discussed in the traditional methods are further explicated

in the next section.
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2.4 Application of artificial intelligence to bearing fault diagnosis

The term artificial intelligence” refers to computational methods that simulate human cogni-
tive processes such as reasoning, classification, and decision-making (Voda and Radu 2019,
p. 199). According to Lei et al. (2020, p. 2), IFD refers to the use of Al for machine fault di-
agnostics. The purpose of IFD is to create diagnostic models that can learn from data and then

use that information to determine the equipment’s health with little or no human involvement.

ML and DL are two subsets of Al that has been applied for IFD as depicted in Figure 6. The
application of Al to bearing fault diagnosis has been studied as a classification problem over
the years where the data associated with the fault labels are used for training, validation, and

testing.

2.4.1 Application of machine learning

According to El Bouchefry and Souza (2020, p. 225), ML is a subfield of Al that enables sys-
tems with the capacity to infer meaning from data and improve their operation over time with
no further programming. Traditional approaches in IFD include the use of ML algorithms like
ANN and SVM. They typically require manual extraction and subsequent manipulation of
the features associated with the collected data. A short review of their application to bearing

faults is further presented below.

ANN was designed using the human central nervous system as a base, and is regarded as one
of the oldest Al paradigm (Makokha 2021, p. 14). One of the first investigations of bearing
diagnostics in induction motors was conducted by Chow, Mangum, and Yee (1991) using
neural networks. Despite a detection accuracy of 94%, the study could be improved by using
a speed encoder which was not readily available for small motors. Fault detection methods
such as EMD have also been used in conjunction with ANN for effective diagnosis (Yu, Yu,
and Junsheng 2006). ANN has slow convergence, and interpretability is challenging due to

its black-box nature.

SVM falls into the supervised learning category, useful for classification and regression anal-
ysis. Its algorithm works by finding the ideal hyperplane that categorizes the data points into
various groups or forecasts the value of the target variable in regression problems. From lit-
erature, not only has SVM proven to be superior to ANN in classification (Rojas and A. K.
Nandi 2005), but also current studies are primarily concerned with improving its diagnos-
tic accuracy by either modifying the SVM (Sugumaran, Muralidharan, and Ramachandran
2007; F. Chen, Tang, Song, and Li 2014) or the optimization of it (Jack and A. Nandi 2002;
Samanta, Al-Balushi, and Al-Araimi 2003; Zhu, Song, and Xue 2014; Y. Li, Miao, Zhang,
Chen, Liu, and Jiang 2019).
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The ”’k” in the KNN algorithm denotes how many closest neighbors will be taken into account
when making a prediction. First, the difference between each training data point and the in-
put data is calculated. Thereafter, k nearest neighbors are selected based on this distance,
and subsequently assigned to a class (for classification) or value (for regression) that is most
common among these neighbors as the predicted value. Mechefske and Mathew (1992) con-
ducted the first study using KNN in low-speed bearings to ascertain whether short vibration
signals may be useful in identifying rolling element bearing defects. The study showed that
the method was effective in providing diagnostic results, without the need for an experienced
analyst. Reduction methods involving principal component analysis (PCA), are commonly
used in conjunction with k-NN. Generally, k-NN based models are easy to implement and
the parameter k™ should be carefully chosen because it is a crucial factor that significantly

impacts algorithm performance.

In 2001, Breiman suggested the use of Random Forest, useful for classification and regres-
sion (Breiman 2001). With this method of ensemble learning, the results of many different
decision trees are pooled together to get a decision. When random forest receives the test
data, each decision tree in the ensemble independently classifies the data. The final classifi-
cation is then determined by aggregating the votes from all the trees, with the most frequently
predicted class being selected as the final output. In other words, the outcome is dependent
on the predictions of most trees. RF has also been used with methods like genetic algorithm
(B.-S. Yang, Di, and Han 2008) and VMD (T. Han and Jiang 2016) for effective fault diag-

nosis.

2.4.2 Application of deep learning

DL techniques do not explicitly require feature manipulation prior to being fed into the algo-
rithm (or network) unlike ML methods. They are capable of handling the raw data, learning
from them, and subsequently able to recognize the condition of the associated machine(s).
DL models are structured to form a hierarchy, and abstracted features are learned on a layer-
by-layer basis. For multi-class problems, a deep neural network’s last layer (output) will
include several neurons as there are classes or labels in the input, or only one for a binary

problem.

The human visual cortex served as inspiration for CNN, which has found widespread ap-
plication in the areas of image and video processing, identification, and classification. It is
the most used deep learning method for bearing diagnostics. A CNN may receive input in
the form of one-dimensional (1D) vibration signals as well as two-dimensional (2D) images.
Networks may be built using numerous layers of convolution and pooling layers, which are
connected to flattening, and fully connected nodes, which would ultimately be passed to a

softmax or sigmoid function.
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Janssens, Slavkovikj, Vervisch, Stockman, Loccufier, Verstockt, Van de Walle, and Van
Hoecke (2016) published the first paper showing the use of CNN for bearing fault diag-
nosis. Two uni-axis accelerometers were used for the collection of vibration data, which was
pre-processed using scaled discrete Fourier transform enabling a CNN to independently learn
bearing defect detection characteristics. The work not only showed the significance of CNN
above classical ML methods for bearing fault diagnosis but also demonstrated its relevance
for bearing prognosis. Eren (2017) employed a 1D CNN using raw vibration data to illus-
trate the usefulness of CNN after removing the computational complexity of conventional
approaches, achieving over 97% accuracy. Due to CNN’s superior performance with 2D
data, the 1D signals are often reshaped (S. Li, Liu, Tang, Lu, and Hu 2017; Fuan, Hongkai,
Haidong, Wenjing, and Shuaipeng 2017) or pre-processed (Verstraete, Ferrada, Droguett,

Meruane, Modarres, et al. 2017) to enable conversion time to time-frequency domain.

AE is a kind of neural network often employed for pretraining, it is suitable for data compres-
sion and reconstruction. It consists of an encoder and a decoder, where the former transforms
the input data into a representation in a lower dimension, and the latter returns it to its original
form. Its goal is to reduce the sum of squared deviations between the original data and the
reconstructed version. There are numerous studies in bearing fault diagnosis associated with
several types of AE, each with a different architecture and objective. Two prominent ones
are the stacked autoencoder (Xiang, Zhang, Zhang, and Xia 2019), the denoising autoen-
coder(Gu, Cao, Song, and Yao 2021; X. Guo, Shen, and Chen 2016)) or even a combination
of both (Lu, Wang, Qin, and Ma 2017). Overall, autoencoders can be adapted and modified
to suit different input and learning objectives.

The architecture of DBN is comprised of stacked layers of Restricted Boltzmann machines
(RBMs). An RBM, commonly used in dimensionality reduction and feature learning, has a
visible layer representing the input and the features learned are represented by a hdden layer.
Literature review showed that DBN is used with other techniques to improve effectiveness.
Z. Chen and W. Li (2017) published the first study using DBN for fault diagnosis of bearings
where AE was used to fuse the features consisting of time and frequency extracted from
several sensors signals, which was then used to train the DBN. The combination of DBN and
SVM employing a teager-kaiser energy operator for obtaining the demodulation signal was
also suggested by D. Han, Zhao, and Shi (2017). In addition, a new technique that includes
compressed sensing (CS) was developed by Shao, Jiang, Zhang, Duan, Liang, and Wu (2018),

which outperformed the conventional methods for bearing defect identification.

GAN has changed the game since Goodfellow, Pouget-Abadie, Mirza, Xu, Warde-Farley,
Ozair, Courville, and Bengio (2020) introduced it in 2014. The “adversarial” in ”adversarial

network” refers to the fact that the goals of the generator and discriminator networks in the
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minimax game are at odds with one another. The discriminator aims to accurately identify
real and synthetic bearing data, while the generator strives to generate synthetic bearing data
that is comparable to the actual bearing data and capable of tricking the discriminator. Both
networks learn from each other as they continually exchange feedback. Not only has GAN
been employed as the primary framework for classification (Lee, Jo, and Hwang 2017; Xie
and T. Zhang 2018b), but it has also been used for data augmentation to remedy the class im-
balance issue caused by small samples in one class compared to the other class(es). Overall,
GAN have shown promising results for IFD, and they have the potential for increased relia-

bility and performance of machines by enabling more accurate and efficient fault diagnosis.

2.4.3 Use of transfer learning

One reason for the increased use of transfer learning is related to computation time and cost
associated with training a DL model. Unlike ML models that are designed for linear prob-
lems and have less dependency on large datasets, DL models deal with non-linear problems
requiring large datasets. Apart from the learning costs of training a DL model, there are
other challenges such as the need for expert knowledge, and the safety risk a faulty equip-
ment poses cannot be dismissed. TL addresses these issues by leveraging knowledge and
learned features from a pre-trained model, and transferring that knowledge to a new, related
task. This enables the model to make use of the characteristics learned by the pre-trained
model, eliminating the need to retrain the model from scratch. TL can either be used on iden-
tical or different machines. Figure 7 shows that the approaches used for TL can be divided

into four groups, viz: feature-based, GAN-based, parameter-based and instance-based.

— Parameter-based

Generative-adversarial
network (GAN)

Transfer learning —

— Feature-based

— Instance-based

Figure 7: Transfer learning methods.
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The parameter-based technique assumes that the target domain contains few labeled samples
for diagnosis. Using limited labelled data from the target task, pre-trained model parameters
are reused and retrained. VGG-16 network (Mao, Ding, Tian, and Liang 2020; Ullah, Lodhi,
and Hur 2020), ResNet (Wen, Li, and Gao 2020) and AlexNet (J. Wang, Mo, Zhang, and
Miao 2019) are popular pre-trained models for bearing diagnostics. The trained diagnostic
models’ parameters are fine-tuned for IFD at the target, using fewer computing resources
while processing massive data. The efficiency of this method, however, is strongly influenced

by the number of labeled samples in the target.

In the same vein as parameter-based methods, the instance-based methods make an assump-
tion of insufficient data for real diagnosis work. Relevant instances or examples are trans-
ferred from the source to the target domain to enhance the diagnostic model. From literature,
the Adaboost algorithm has been used to achieve this by adjusting the importance of instances
in both domains by assigning weights to them. If samples contained in the source domain are
mislabeled, their weight will be weakened. Shen, Chen, Yan, and Gao (2015) used a combina-
tion of SVD and TrAdaboost, an extension of Adaboost, for training a kKNN-based diagnosis
model which proved effective for classification despite the limited target data available. A

major advantage of instance-based methods is their ease of implementation.

GAN technique can also be used for TL. It has been used effectively for the transfer of di-
agnostic knowledge between identical machines as well as different machines. L. Guo, Lei,
Xing, Yan, and Li (2018) carried out one of the earliest GAN-based transfer learning between
different types of bearings including railway locomotive bearings which fall under the cate-
gory of different machines. The research found that the proposed method outperformed other
well-known methods classification-wise. T. Han, C. Liu, Yang, and Jiang (2019) and Xie and

T. Zhang (2018a) have also carried out similar studies, although for identical machines.

In feature-based transfer learning, the focus is primarily on the feature representation rather
than the entire model. The idea is to exploit the high-level abstract features learned by a pre-
trained model, which captures generic patterns and structures that are transferable across do-
mains. By using these pre-trained features, the model can benefit from the knowledge gained
from a large-scale, labeled dataset without requiring extensive training on the target domain.
This technique work by mapping certain features into a common feature space and subse-
quently the distance between features are minimized using an optimization strategy. Typical
studies using this technique especially transfers on different machines, were conducted by
X. Li, Zhang, and Ding (2018) and Z. Tong, Li, Zhang, Jiang, and Zhou (2018).
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3 BALL BEARING MODEL INCLUDING FAULTS

In the study conducted by Sopanen and Mikkola (2003a), a deep groove ball bearing model
that constrains relative motion, and aids the support and transfer of loads from the rotor to
the supporting structure was developed. The general purpose model proposed consists of
6 degrees of freedom, it uses the Hertz contact theory to describe the deformation and also

accounts for the film thickness between components of the bearing.

Non-idealities such as defective inner and outer race were modelled as a dent using a step
function while the waviness was presented using a Fourier cosine series. The important de-

tails of the analytical model are presented in appropriate headings below.

3.1 Elliptical contact

When a bearing is loaded, the balls or rollers rotate following an elliptical path along the
raceway. This is not unconnected to manufacturing tolerances, bearing misalignment, and
external stresses. As a result, the point at which the ball or roller makes contact with the
raceway is not fixed but rather changes.

For two solids in contact subjected to a given force F, Figure 8 depicts the elliptical contact
area, such that a positive or negative radius of contact curvature is dependent on the surface’s

convexity or concavity.

Figure 8: Elliptical contact (Sopanen and Mikkola 2003a, p. 22).
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The sum of curvature, denoted by R, and the difference between the curvatures, denoted by

R, are used to describe the deformation as follows:

R :R(L_L>
¢ Re Ry G3.1)
where
L 1,1 11,1
R_z Tax + E’R_y - Tay + Tby

The subscripts ax and bx represent the radii in solids a and b in the x direction, while ay and
by indicate the radii in the y direction. The effective radii of curvatures are denoted by R,

and R,. The following formula may be used to determine the contact stiffness:

RE
4503

K. = rk.F' (3.2)

where the ellipticity parameter is denoted as ., the curvature sum as R, ¢ the elliptical integral
of the first kind, £’ the effective modulus of elasticity and ( the elliptical integral of the second
kind.

3.2 Ball bearing geometry and elastic deformation

Figure 9 illustrates the structure of a ball bearing, whereby each component is labeled using
its respective dimension. Specifically, r,,; and r;, refer to the outer and inner groove radius,
d,, represents the diameter of the balls, the diametral clearance is denoted as c,, the bearing
housing diameter as Dy, D; and D, corresponds to the inner and outer raceway diameter, d,,

is the pitch diameter and the bore diameter is denoted as dp.

%
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Figure 9: Bearing dimensions.
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The contact deflections arising from the ball and raceways may be added together to provide

the total deflection, which can be written as:

W

o = (=) (3.3)

=

where the normal load is denoted by F, and the contact stiffness is K .. However, K’** which

represents the total stiffness coefficient can be expressed as:

Kot = (3.4)

where K™ and K% refer to the respective ball-race contact stiffnesses that are affected by

the material properties and curvatures of the surfaces in contact.

3.3 Bearing forces and moments

The A-A plane in Figure 10 depicts the ball’s axial and transverse directions. The notation
e, and e, describe the eccentric distance in the global directions, x and y, assuming that the
shaft (or inner race) centre point is not coincident with the centre of mass. The axial and

radial displacement denoted by e and e, at ball i can be expressed as:

= ezco8B3; + eysinf;

. — (—yusing; + 1ycosh) (Ron + )

<.

(3.5)

[

where 7, and ~, are the misalignments between the raceways. The attitude and contact angle

of ball j can be calculated using the equations below.

— 0 evnR177+0 5 R I3
fj = BJ - 2(T+§::) :” (3.6)
¢; = tan™'( ) '
J Rin +7‘in+€;*Rout +Tout

In Equation 3.6, BJQ represents the initial angle of the jth ball and rotation of the raceways is
represented as 60, and 6,,,, with the inner race rotating at speed equal to the shaft and the
outer race is fixed. Total elastic deformation for a bearing with a perfect geometry can be

expressed as:

85 = 2r + b + hi" — Ly (3.7)
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Figure 10: Axial and transverse cross-section (Kurvinen, Sopanen, and Mikkola 2015).

where L, is the race distance along the contact line as stated below, and h{* and h3" repre-

sent the lubricant film thicknesses.

Rin + Tin + 6; - Rout + Tout

coSQ;

er = Tout + Tin —

Therefore, the force on ball j may be expressed as:

Fj — Kéot (5§ot)1.5

Thus, the forces and moments on the shaft in the x, y, and z directions are:

Fp,=— Zjvzl Fjcosgjcosf;

Fy,=- Zj\le Fjcosgjsing;

== Z;V:I Fjsing,

Ty = — Zjvﬂ F;(Rin + 7)sing;sinf;

T, =- Zj\;l F;(Rin + 7)sing;(—cosf;)
T, = Tric

(3.8)

(3.9)

(3.10)

where the total friction torque, 7', is a sum of load-dependent friction torque, viscous

friction torque, and seal friction as stated in Sopanen and Mikkola (2003a, pp. 12 - 13).
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3.4 Modelling of bearing defects

Geometric imperfections leading to bearing-induced vibrations are (i) localised defects and
(i1) distributed defects, where the former has to do with spalls, pits, and dents whereas the

latter relates to surface roughness, waviness, misalignments, and so on.

Whenever a ball travels over the surface of the bearing defect, a sequence of contact vibrations
is excited. Localised faults defects usually occur in either one of the components or multiple
components of a bearing in case of a complex fault. When a ball enters a dent region, it
suddenly loses contact with the surface, creating a large impulse force that disrupts the normal

motion of bearing components, resulting in changes in the Hertzian contact coefficients.

3.4.1 Defect frequencies

These defect frequencies, also called fault characteristic frequencies, refer to specific fre-
quencies that are generated due to the interaction of the bearing parts and the defects present
on their surfaces. In bearing analysis, BPFO and BPFI are two frequently used defect char-

acteristic frequencies.

BPFO describes the frequency with which the rolling element traverses an outer race defect.
The BPFO is usually 1 to 5 times that of the bearing’s rotational speed. The BPFO can be
calculated as follows:

d
BM@:N%Q—fwm) (3.11)
where N refers to the total number of balls, d;, and d,, refers to the ball and pitch diameter

respectively, ¢ is the contact angle, and fs is the frequency of the shaft.

BPFI refers to the frequency with which the rolling element passes an inner race defect. A
defect in the inner ring, however, can cause the frequency spectrum to produce extra har-
monics. These frequencies are sidebands around the different components of the BPFI, and
this is a result of the modulation process. When the rolling elements move over the defect,
a modulation process takes place. This results in an irregular but consistent change in the
amplitude of the vibration signal resulting in the formation of sidebands around the BPFI at

harmonics related to the shaft’s frequency. The BPFI can be calculated as follows:

BHU:N§O+%wW) (3.12)
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There is also the fundamental train frequency related to the cage and the ball spin frequency.
Bearing component failures also generate these frequencies, making them useful diagnostic

tools.

3.4.2 Localised defects

The defect associated with the outer and inner race was modelled as a dent and can be de-
scribed by its length, L4, and height, h,. The total ball deformation is altered in the suggested

model whenever the ball and defect come in contact.

To determine changes in total deformation, the properties of the tangent function are utilised
in a step function having cubic polynomials and continuous for first derivatives. The step
function takes five inputs, and these can be calculated as stated in the equations below (Sopa-
nen and Mikkola 2003b, pp. 16 - 18):

1

9= _|tan[§(ﬁj — Oin — Paer)]] (3.13)
Ldef

= —|¢ 3.14

g0 = —ltan( )] (3.14)

ho =0 (3.15)
Lae

g1 = —ltan(g ")l (3.16)

hy = —haey (3.17)

The step function, stated below, takes an independent variable g, as well as initial and final

values hg and h, corresponding to the function and gy and ¢, for the step.

STEP({], 9o, hOa g1, hl)

ho 9< 9o
=9 ho+ARAG* (3 —20g) go<g<q (3.18)
hy g =g

The definition of Ah and Ag can be stated as:

Ag=T—9 (3.20)
g1 — 9o
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The ring’s rotation angle increases as the experiment progresses, as does the attitude angle of
the ball 7. It is possible to determine the angle that the defect occupies on the ring from its
length and the ring’s radius. This is illustrated in Figure 11, where «;; and as can be computed

from the equation below.

— Ldefeci 1 _ B_]
o=, ma) (3.21)

Qg = ;01

1
2

As seen in the figure, o and a denote the sizes of the angle occupied by the defect.

101

z-10

=

c

£ 20 %

g 8

5 3

© -30+ <

)

o

40t 2
50t \
1.5708 2.3562 3.1416 3.927

Figure 11: Cage Rotation Angle (Sopanen and Mikkola 2003a, p. 25).

The inner ring rotation, 6;,, in equation 3.13 should be replaced with 6,,; to account for the

defective outer ring, and all other equations are left unchanged.
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4 TRANSFER LEARNING FRAMEWORK FOR FAULT DI-
AGNOSIS

In a general supervised machine learning context, it is expected that the distribution and fea-
ture space of the data used for training, validation (optional), and testing are the same. But
what happens if this assumption fails? Furthermore, deep learning models require sufficient
data as a prerequisite and lack thereof will lead to overfitting making the new model un-
generalizable to unseen data. These two concerns are the main motivation for the use and

development of transfer learning over the years.

As stated in an earlier section, a previously trained model is the foundation for the imple-
mentation of TL. Studies have shown that the target dataset may or may not be related to the
source dataset used for training the pre-trained model. A saved model that has been previ-
ously trained using a large dataset for a specific task is referred to as a pre-trained model.
For the parameter-based approach, TL aims to modify some layers of the pre-trained model
so it is applicable to a new, sometimes unrelated, task. The degree of modification depends
on how the source dataset is related to the target dataset. Literature suggests that, for com-
puter vision and other image-recognition tasks, CNNs are the most used deep learning models

while parameter-based and adversarial methods form the largest share of studies for TL.

Contrary to most TL studies (mechanical engineering and otherwise) associated with CNN
that use well-known pre-trained models such as Inception V3, VGG-16, Res-Net, Alex-Net,
and MobileNet V2 that have been trained on 100,000s of images, this study uses bearing
simulation data to develop a pre-trained model which may be better suited as a foundation
for transferring bearing diagnostic knowledge. Thereafter, small samples were extracted from
a real experiment to demonstrate the transfer learning process. Simply put, the goal is to use
the source model and a small sample of the target to create a new target model that would be

difficult to achieve with just the small sample. This is illustrated in Figure 12 below.

Dong, Li, Zheng, Wang, and Xu (2022, p. 336) stressed that, despite having similar features,
the distributions of simulation data and real data are not the same for a number of reasons:
(1) modeling cannot entirely resolve uncertainty and randomness caused by the environment
associated with a real system. (2) It is impossible for a dynamic model to possess all of the
features of the real system; instead, the equipment is simplified, with just the most important
elements taken into consideration. (3) quality of real signals collected is reliant on sensor
type, fixation technique, drift, and structural transmission properties, while vibration signals

in dynamic models are simply the solutions of dynamic differential equations. Therefore,
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Figure 12: Transfer learning showing fr_ft strategy.

the use of a model trained with simulation data for fault recognition on real data will grossly

underperform. This is one of the problems TL aims to resolve.
For clarity, definitions of relevant terms are presented below:

1. Domain: A domain, denoted by D, is comprised of a marginal distribution and feature
space denoted by X and P(X) respectively. Mathematically, D ={X, P(X)}, X rep-
resents a set of instances, and x;, a member of X’ denotes each instance . The definition
of this instance setis X = {x | x; € X,i=1,...,n}

2. Task: A task, which is denoted by 7, has a decision function, f, and label space, ) .
Mathematically, 7 = {), f} where ) represents possible labels for the selected sample
whereas f is a function that needs to be learned from the sample, and subsequently

useful for making predictions.

3. Transfer learning: This strategy is useful for enhancing the predictive function fr
() associated with a target in its domain D7 and learning task 71 by leveraging the
knowledge derived from 75 and Dy which denotes the source task and domain respec-
tively. It is particularly useful when both domains or tasks are not the same, denoted
by Ds # Dr or Ts # Tr. Also, there may be other constraints such as insufficient or
no labels on the target domain (Pan and Q. Yang 2010, p. 1348).

Recall that a general supervised learning context can be stated as Dy = Dy and Tg = Tr.
For a transfer learning problem of Dy # Dy or Tg # Tr, we can have two cases for each
problem. For this study, the problem falls into Dg # Dy whereby the probability distribution
is not the samae (P(X)g # P(X)r) unlike the feature space (Xs = X’r). This study, therefore,
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tackles two problems: (1) sample acquisition and (2) domain adaptation, which are common

in realistic scenarios.

4.1 Introduction to convolutional neural network

CNNss are widely used for image recognition and classification tasks in several fields not lim-
ited to computer vision and natural language processing. They have even surpassed humans
in this subject, and showed exceptional performance in certain tasks like ImageNet Large
Scale Visual Recognition Challenge (ILSVRC), defeating other Al models (Iman, Arabnia,
and Branchinst 2021, p. 82).

For bearing fault identification, there are two primary CNN models: the 2D and the 1D model.
Vibration data which are initially 1D can be converted to 2D using several time-frequency
methods including wavelet transform, and spectral kurtosis, or can be reshaped to form a 2D
matrix. However, this study uses 1D CNN which has shown remarkable performance and
has also been applied in similar studies. The primary components of a CNN are the input
layer, convolutional layers that convolves with the input, pooling layers that downsamples,
and fully connected layers, along with an output that serves as the classifier as illustrated in

the figure below.

Fully
Connected

Convolution

Pooli
Input ooling .

Feature Extraction Classification

Figure 13: Components of a CNN (Phung and Rhee 2019, p. 3).

In order to create feature maps using the input, the convolution layer(s) apply filter(s) to the
input local areas. By utilizing the same weights and biases across all filters, each one captures
distinct properties associated with the inputs, this is parameter sharing (Bobylev, Choudhury,
Miettinen, Viitala, Kurvinen, and Sopanen 2021, p. 120654). A convolutional layer can em-
ploy many filters to extract different local features, which are subsequently activated by the
commonly used Rectified Linear Units (ReLU) function which enables increased capability

of feature representation and enhanced convergence of CNNs. According to C. Chen, Liu,
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Yang, Wu, and Ye (2020, p. 3), by using the back-propagation technique for parameter adjust-
ment, ReLU ensures that weights in the shallow layer become more trainable. The following
expression may be used to describe a convolutional layer’s output:

ab = sk + b (4.1)

where the weights is represented as w!, and b, the bias of the k-A filter in layer /. The output

=1 a4}, denotes the output of k-th filter while - indicates

of [-1th layer is represented as s
the convolution between the filter and local input regions. Thereafter, the ReLU activation
function, which outputs 1 for values greater than 0 and O for otherwise, is applied. The

expression is stated below:

f(z) = max{0, y, } (4.2)

By applying the convolutional operation successively across multiple layers, it is possible to
grasp the underlying features related to input samples and represent them as feature maps in

the output.

The pooling layer’s primary function is for dimensionality reduction of the feature maps by
summarizing the information in the feature maps while maintaining the important informa-
tion. It does this by dividing the feature maps into small regions, called pooling regions or
pooling windows, and then applying a pooling function, such as max pooling or average pool-
ing, to each region. By contrast, average pooling strikes a balance by averaging the values
from each pool, while max pooling takes the highest. The pooling layer’s output is a down-
sampled version of the input feature map, with reduced dimensionality, making it easier to

process. Max pooling can be stated generally as:

Pip)=  max (p; (1)) (4.3)

(p—1)W+1<t<pW

where W denotes pool’s width, p,*(¢) is the #-¢h neuron’s output in /-1 layer, ¢ € |(p—1)W +
1,jW| and P} (p) represents p-th output of the pooling operation.

In order to combat overfitting, regularization techniques are used, this happens when the
model is overtrained on the training data and cannot perform on unseen data. Ying (2019, pp.
1 - 4) stated that this can happen when the model has too many parameters, making it overly
complex and prone to memorizing the training data instead of learning general patterns. Reg-
ularization techniques aim to prevent this by adding additional constraints or penalties to the
loss function during training. A common method is the use of a dropout which randomly

eliminates set percentages from the model. The preceding layer’s (typically convolution or
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pooling layer) flattened output is sent into the fully connected layer. The network typically
ends with a softmax activation function, which gives a probability distribution across the
labels. This probability distribution can be used to classify the input into one of several cat-

egories/labels. Mathematically, this function is:

)
softmax(z(f)) = W (4.4)

where z( f) refers to the /4 neuron’s output in the output layer, while the total categories are
denoted as M.

4.2 Pre-train: Using simulated dataset

The method used to generate samples from a simulated dataset, and the basic CNN archi-
tecture associated with the pre-trained model is presented in this section. After training and

testing, the resulting model is saved, and referred to as a pre-trained network, for reuse in TL.

4.2.1 Sliding frame

The sliding frame method has been used in several studies (R. Zhang, Tao, Wu, and Guan
2017; Hasan, Sohaib, and Kim 2019) to generate samples from vibration data. Frames are
employed to capture samples by sliding along the vibration data since they are 1D and often

lengthy. This is illustrated in Figure 14 below.

step, q sample, Z
e

Acceleration (m/s?)

1 | | Il 1 1
1 1.1 1.2 1.3 1.4 1.5 1.6 1.7 1.8 1.9
Time (secs)

Figure 14: Sliding frame.

The frame’s length is represented as Z and corresponds to the total points contained in a
sample. The step size, g, is set to be smaller than Z to generate as many samples as needed.
The number of samples, ns, may be calculated using the length of the vibration signal, L,,

as stated below:
B L,—Z

q

ns +1 4.5)
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The frame length and step size must be, however, chosen carefully since they have a signifi-
cant effect on the network’s performance. A short frame length may not sufficiently capture
data points associated with low frequencies, and a long frame decreases computation speed.
On the other hand, small steps may generate identical samples, while insufficient samples

may be obtained if large steps are used.

4.2.2 Proposed architecture

The architecture of the CNN is illustrated in Figure 15 and is comprised of one input layer,
two convolution and two pooling layers, a flatten layer, one fully connected layer as well as
the output layer. To prevent internal co-variate shift and gradient dispersion among neurons

within each layer, and stabilization during training, the inputs are first normalized.
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—
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= 2 per -
Wyerage Pool
- = Max Pool
Flatten

Convolution ully connected  Output

-----
-

L i L 32@w322 x 1
— 64514 x 1
32(@38T x |

800 x 1 6di@ 545 x |

Figure 15: Architecture of the CNN.

The study conducted by C. Chen et al. (2020) revealed that the performance of a CNN in-
creases when the convolution kernel’s size decreases progressively. Hence, a reduction of
the kernels from 64 to 32. The green area depicts the convolution operation on a sample size
of 800 x 1. The convolution layers have a stride of 1 by default, this was not altered. After
the first convolution layer, an average pooling layer was added, and then a maximum pooling
layer followed the next convolution layer, with a stride of 1, resulting in the feature map size
being slightly different from its input. The last pooling layer has a size of 322 x 1 associated
with 32 filters, which is then flattened into a 1D vector before being connected to the output.

Further details of the network are presented in the specific case study section.

4.3 Transfer: Parameter-based approach

Model-based or parameter-based approaches are commonly used because they have the ca-

pability to address domain adaptation issues arising from the target and source datasets by
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adjusting the network or model (Iman, Arabnia, and Rasheed 2023, p. 40). In order to min-
imise the domain distributions between both domains and address the sample acquisition
problem, parameters (weights and biases) associated with a pre-trained model are modified,
thereby using knowledge from the simulation domain to aid real-world events diagnosis.
Parameter-based methods use a variety of strategies, combining pre-trained layers and any
other methods such as freezing, fine-tuning, and/or adding new layers (randomization) to
make a new model. These strategies are often applied to either the feature extractor, clas-
sifier, or both sections of the model. In some cases, the feature extractor’s final layers are
changed alongside the classifier part, followed by global fine-tuning. Decisions on specific

approaches may be subjective inasmuch as the pre-trained parameters are utilized.

A general way of conducting the TL, introduced by Google in 2016, involves freezing the
feature extractor part and adding new layers for classification. The initial training is con-
ducted with a moderate learning rate. In the next step, the feature extractor part is unfrozen,
and global fine-tuning is conducted using a low learning rate to make the final model. (ibid.,
p. 40.) However, Dong et al. (2022) recently studied several strategies using different com-
binations. The influence of some of these strategies on the TL process is explored in this

study. These transfer strategies are explained below:

1. Fr: It means freezing the layers of the network it is applied on. Therefore, the param-
eters of the pre-trained layers associated with the pre-trained models are unchanged in

the new network during training.

2. Ft: This means fine-tuning layers under consideration. That is, parameters of the spe-
cific pre-trained layers are used for initialization. Consequently, during the training of
the new network, the parameters are modified.

3. Ran: Means randomizing the layers of the network. This suggests that the specific
layers use random parameters as the starting point. They converge to new values during

training.

Since the CNN model comprises two sections viz: (1) feature extractor and (2) classifier, by
combining the three different techniques, it is possible to obtain different strategies. A typical
example is fr ran which entails freezing the feature extractor section and randomizing the
classifier part. However, the strategies selected for this study are ft ft, ran fr, fr ran, and
ft_fr.
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S CASE STUDIES

Two in-depth case studies focusing on the implementation of a bearing dynamic model and
analysis of a motor equipped with the bearing, and real-world scenario diagnosis via transfer
learning are presented. These case studies aim to provide practical insights and empirical

evidence regarding the application and effectiveness of the proposed approaches.

5.1 Case 1: Electric motor with ball bearings

The behavior of defective ball bearing associated with an electric motor has been investigated
and implemented in MSC Adams, a commercial multibody software application (Sopanen
and Mikkola 2003a; Sopanen and Mikkola 2003b). In the aforementioned study, the soft-
ware’s mathematical properties were utilized through modification of the user interface with
the aid of a macro script. However, this study extends the functionality of RoBeDyn to ac-
count for the defective conditions associated with the bearings. Thereafter, the results are

compared and contrasted with those from MSC Adams.

5.1.1 Structure under investigation

The structure being investigated is shown in Figure 16. The electric motor consists of two
ball bearings with model number 6010. The bearing housings served as connection points
for the outer rings of Bearings B1 and B2, while both inner rings were attached to the shaft.
Spring dampers were used to link the bearing housings to the ground in the X and Y direc-

tions, which correspond to the DOF of the housings.

Lrotor L3 |

v
y
v

ddisk

Lbd

Figure 16: Electric motor under investigation.
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In Table 1, detailed descriptions of the dimensions of the electric motor are shown. Transla-
tion and rotation in the rotor bearing system axial direction is restricted, while movements in

the Y and Z direction are unrestricted.

Table 1: Parameters and dimensions of the motor (Sopanen and Mikkola 2003b, p. 4).

Diameter of the shaft dshaft 50.0 mm
Diameter of the rotor drotor 175.0 mm
Diameter of the disk dgisk 300.0 mm
Length of shaft 1 Ly 105.0 mm
Length of shaft 2 Lo 100.0 mm
Length of shaft 3 Ls 125.0 mm
Length of the rotor Lyotor 300.0 mm
Width of the disk Laisk 45.0 mm
Bearing distance Lpa 500.0 mm
Horizontal support stiffness  Kx 100 kN /mm
Vertical support stiffness Ky 100 kN /mm
Horizontal support damping Cx 10.0 Ns/mm
Vertical support damping Cy 10.0 Ns/mm
Mass of the bearing housing  m, 3.17 kg

Mass of the disk Mdisk 20.0 kg
Rotational inertias of disk T, Iyy, I, {1.1,1.1,2.0} kg
Gravity constant (-Y) - 9.80665 m/s?

There are a total of 60 DOFs in the system, distributed between 16 nodes and their associated
four DOFs. The steel used to develop the rotor and the shaft has a Young’s modulus, E, of
206000 MPa and a Poisson’s ratio, v, of 0.3 . The rotor rotates on the Z-axis, and the model

implementation in RoBeDyn is presented in Figure 17.

e Centeriine Electric Motor Sim Setup (Bearing 6010)
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Figure 17: 2D Wireframe plot of electric motor, RoBeDyn.
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The bearing housing was modeled as mass points at respective locations. Its inertia is set
to zero on all three axes. Table 2 summarizes the bearing’s properties. Only the diametral

clearance, C2, corresponding to 5.5 um was used for the study of localized defects.

Table 2: Dimensions of ball bearing 6010 (Sopanen and Mikkola 2003b, p. 4).

Bore diameter dg 50.0 mm
Outer diameter d, 80.0 mm
Pitch diameter d,  65.0 mm

Ball diameter dy 8.73mm
Number of balls N 14

Diametral clearance, C2 cqg 5.5pm
Diametral clearance, C5 cqg  59.0 um
Bearing damping coefficient ¢y 0.55Ns/mm
Inner and outer race conformity R,  0.52

Static load rating Cp 16000 N
Modulus of elasticity E 206000 MPa
Poisson’s ratio v 0.3

Viscosity parameter o 0.023 mm? /N
Viscosity parameter n 0.04¢-6 Ns/mm?

Similar to the earlier study, the simulation was run at a speed of 900 rpm and 2 kHz sampling
frequency for 9 secs. Defects of length 2 mm and height 50 um having position angle, ®,,
of 0° and 270° corresponding to the outer and inner races were simulated. Unlike the previous
study that used the Gear stiff numerical integrator, this one uses the Ode23 time integrator
scheme available within the Matlab environment with a timestep of 2e-4 secs and an error
tolerance of le-4. Thereafter, signal processing techniques such as Hanning window, FFT,
and Hanning correction were applied to the last 8.192 seconds of the resulting displacements.

The initial transient vibration associated with the first 0.808 secs was not considered.

5.1.2 Results and analyses

The predicted vertical and horizontal displacements are presented in Figures 18 and 19 re-
spectively. In order to expose the components of the respective displacements, a short dura-
tion was extracted from the 9 secs vibration. Figure 18 shows that the healthy bearing has a
low amplitude. The absolute peak-to-peak amplitude of the healthy bearing is 2 um whereas
the amplitude of the defective counterpart is about 15 um which is 8 times the healthy con-
dition. Furthermore, the plot shows that the defective outer race has more components if
contrasted with the defective inner race. More components or peaks indicate that the defec-
tive outer race is generating more pronounced and frequent vibrations or disturbances in the
bearing system. Generally, this could be manifestations of defect size, the severity of the

defect, defect position, or different dynamics associated with the specific race.
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Figure 19 shows the horizontal displacements of all three conditions - healthy and thedefec-
tive races. The average amplitude is lower than the vibrational response on the vertical side.
Similar to the vertical displacements, the healthy bearing shows distinct features from the
defective counterpart.
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Figure 18: Vertical displacements: a. healthy; b. defective outer race; c. defective inner
race.

Unlike the vertical displacements associated with defective races which are different on ob-
servation, the horizontal displacements have prominent similar features. Also, it may not be

easy at first glance to distinguish which of them has more vibrational response components.

The frequency response, which exposes important system characteristics such as the rotating
frequency, FTF, BPFI, and BPFO is further presented. These frequencies relevant for bearing
condition monitoring are (1) shaft frequency = 15 Hz; (2) cage frequency = 40.79 Hz;

(3) ball pass of the outer race = 90.90 Hz; and (4) ball pass of the inner race = 119.10 Hz.

Figures 20 - 23 show the vertical and horizontal displacements associated with the defective
outer and inner race from MSC Adams and RoBeDyn placed side by side.
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Figure 19: Horizontal displacements: a. healthy; b. defective outer race; c. defective inner
race.

05 .
03 : : :
045+ : : : : i .
: : : : 181.85
0.35) : Z Z j ,
_ ; ; ; ; 3l
Ei 03+ 1
o e
'g 0.25F e b SR i g
= 1818} T,
g g2t | ] ]
< : 5 : : i
015+ : : 3727 O L5}
01f B 1
0.05 : : : : 8 o5l 57489052
: : : : 273.68
0 363.16 '
a 100 200 300 400 500 0 b 453.68

0 50 100 150 200 250 300 350 400 450 500
Frequency [Hz] Frequency (Hz)

(a) Vertical displacements, Adams (Sopanen and
Mikkola 2003b). (b) Vertical displacements, RoBeDyn.

Figure 20: Spectra of defective outer race - vertical displacements.

The disparity in the amplitudes obtained from MSC Adams and RoBeDyn is evident at first

glance which may not be unconnected with the different solvers used for the simulation.

The outer race spectra show the BPFO as well as its harmonics which are often observed

in experimental studies. However, the second harmonic in the vertical displacement is the
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Figure 21: Spectra of defective outer race - horizontal displacements.

most prominent, unlike its counterpart from Adams where the first harmonic had the highest
amplitude. The conclusions drawn by Sopanen and Mikkola (2003b) are observable, such
that the sideband frequencies are not represented as well as negligible excitations emanating
from the horizontal response. Also, the vertical displacement plot shows a frequency that is

4 times the frequency of rotation, which may be due to a natural frequency.
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Figure 22: Spectra of defective inner race - vertical displacements.

The spectra associated with the inner race clearly show the rotation speed, BPFI, and their
respective multiples on the results from Adams and RoBeDyn. Again, the frequency cor-
responding to 4 times the rotating frequency having a max amplitude of 0.83 pm can be
observed in the vertical displacement plot. Unlike Adams, where the maximum amplitude
was obtained at 134 Hz, the maximum amplitude in the horizontal displacement plot was ob-
tained at 164 Hz. Overall, the result from RoBeDyn appears to agree with those from Adams

despite a few inconsistencies not unconnected to the use of different integration schemes.
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Figure 23: Spectra of defective inner race - horizontal displacements.

5.2 Case 2: Diagnosis scenario from simulation to real under similar condition

In this section, the transfer of diagnosis knowledge from simulation to real given an insuf-
ficient sample is demonstrated. Data from both domains are related but not identical, how-
ever, there is some basis for the transfer. Firstly, the simulated data are derived from the
dynamic model whose formulations are established according to the principles governing the
real-world scenario. Furthermore, geometrical parameters such as sampling frequency, shaft
speed, and defect description are the same. Several transfer strategies are considered in order

to effectively transfer diagnosis knowledge thereby eliminating the differences in the domain.

5.2.1 Dataset description

Real dataset: Paderborn dataset was provided freely online by the Faculty of Mechani-
cal Engineering, Paderborn to foster research and enable collaboration in bearing condition
monitoring (Lessmeier, Kimotho, Zimmer, and Sextro 2016). The dataset is comprised of
32 deep groove bearings of type 6203 which can be grouped into 12 artificially damaged, 6
undamaged (healthy), and 14 real damages resulting from accelerated lifetime tests. The test
rig used in conducting the experiment and presented in Figure 24 had current and vibration
signals sampled from it at 64 kHz. Although these bearings were operated under varying
conditions, the specific conditions selected for this study are (1) 0.7 Nm load torque (7)), (2)
900 rpm speed, (n), and (3) 1000 N radial force (F'). The respective folders (bearing names)
associated with the 32 bearing datasets contain 20 Matlab files each. The folders (bearing
names) used for this study are KOO1, KAO1, and KIO1 corresponding to the normal condition,

defective outer and inner races respectively.
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Figure 24: Paderborn experimental test rig setup: (a) test motor; (b) measuring shaft; (c)
bearing module; (d) flywheel; (e) load motor.

Electric discharge machining (EDM), manual electric engraving, and drilling were the three
techniques employed to create artificial damage. Based on the fault description, defects
caused by EDM on balls with a depth of 1-2 mm and length of 0.25 mm were selected.
While the total samples provided by Paderborn University may be sufficient for training a di-
agnosis model, small samples have been purposely extracted to demonstrate the TL process.
Also, during the implementation, the sampling frequency was downsampled to about 12 kHz
because simulating the source dataset at the initial 64 kHz would reduce computation speed,

and generate large file sizes.

Simulated dataset: For diagnosis scenarios under similar working conditions, the simulated
dataset needs to be modelled after the real dataset. The setup in RoBeDyn is presented in
Figure 25 below. The setup in RoBeDyn does not include the flywheel used during the ex-
perimental study.
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Figure 25: Paderborn rig setup in RoBeDyn.

The simulation was conducted using the parameters presented in Table 3, at 12 kHz sam-
pling frequency for a timeframe of 200 secs. The three bearing conditions (i.e., normal and

defective races) were simulated using fault description as the real dataset.

The displacements obtained from RoBeDyn were differentiated accordingly to acquire the

acceleration signals for all conditions.
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Table 3: Dimensions and parameters for Paderborn rig simulation

Bore diameter

Outer diameter

Pitch diameter

Ball diameter

Number of balls

Diametral clearance, C2*
Bearing damping coefficient*
Inner and outer race conformity
Static load rating

Modulus of elasticity
Poisson’s ratio

Viscosity parameter
Viscosity parameter

Width of the fault

Depth of the fault

Gravity constant (-Y)
Horizontal support stiffness*
Vertical support stiffness™
Horizontal support damping*
Vertical support damping*
Mass of the bearing housing*
Length of shaft*

Distance between bearings™

17.0 mm
40.0 mm
29.05 mm
6.75 mm

8

5.5 um

0.55 Ns/mm
0.52

16000 N
206000 MPa
0.3

0.023 mm? /N
0.04e-6 Ns/mm?
0.25 mm

1 mm
9.80665 m/s?
100 N/mm
100 N/mm
0.1 Ns/mm
0.1 Ns/mm
1.17 kg

675 mm

345 mm

Note: Dimensions and parameters marked with * are as-

sumed values.

5.2.2 Implementation of the CNN - pre-train, and transfer learning

The detailed architecture of the network used in making the pre-trained model, which was
subsequently modified in the TL cases is presented in Table 4. All CNN experiments were

implemented using the TensorFlow framework running on NVIDIA Quadro K2200.

Table 4: Details of the CNN architecture

Layer(type) Filters Kernel/Pool Stride Output shape
ConvlD 64 256 x 1 1 (545, 64)
AveragePooling1 D - 32x1 1 (514, 64)
ConvlD 32 128 x 1 1 (387, 32)
MaxPooling1D - 16 1 (322, 32)
Flatten - - - (None, 11904)
Dense (fully connected) - - - (None, 16)
Dense (Classifier) - - - (None, 3)

Figures 26 through 28 illustrate similarities and differences between simulation and real sig-

nals for three distinct conditions: normal, defective inner race, and defective outer race.
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Figure 26: Simulation and real signal under the normal bearing condition: (a) simulated
signal’s time domain; (b) real signal’s time domain; (¢) simulated signal’s spectrum; (d) real

signal’s spectrum.
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Figure 27: Simulation and real signal under defective outer race condition: (a) simulated
signal’s time domain; (b) real signal’s time domain; (¢) simulated signal’s spectrum; (d) real

signal’s spectrum.
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Figure 28: Simulation and real signal under defective inner race condition: (a) simulated
signal’s time domain; (b) real signal’s time domain; (c) simulated signal’s spectrum; (d) real

signal’s spectrum.

Signals corresponding to 1 second and < 500 Hz frequency spectrum range are presented in
the figures to ensure clarity in the comparison. For reasons earlier stated in previous sections,
the distribution of the data is not the same. Therefore, the model associated with one cannot
deliver guaranteed performance on the other without TL. The normalized plots show that the

real signals have higher amplitudes when contrasted with the simulation signals. Further-
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more, the influence of noise, the effect of signal extraction techniques, and other environ-
mental and motor factors are clearly visible in the real signals which are often not considered
in dynamic models. In some studies, gaussian noise has been added to the dynamic models
to account for such an effect. The spectra clearly show fundamental frequencies and their

harmonics when both domains are compared.

A trained model using the simulated dataset, referred to as a pre-trained model, was first
developed using a sample size of 800 and a step of 400. For a total of 3333 samples, the
training, validation, and testing datasets were obtained by splitting the total samples in a ratio
of 7:2:1. The parameters of the aforementioned network were randomly initialised, and the
necessary hyperparameters were set as follows: (1) batch size of 64; (2) optimizer = stochastic
gradient descent with a momentum equal to 0.9; (3) a learning rate of 0.001; and (4) epochs
=30. The categorical cross-entropy loss function was utilized since it is a classification task.
After successful confirmation of the effectiveness of the pre-trained model by using the test
set, the TL was conducted. The small samples obtained from the real dataset, which is often
the case in real life, would not be sufficient for making a diagnosis model. Depending on the
hyperparameter settings, the consequence is overfitting, and the learning curve may appear

haphazard as shown in Figure 29 where the highest accuracy obtained was 50%.
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Figure 29: Accuracy curve of bad model.

Presented with such a problem, TL attempts to use the knowledge gained in the pre-train
as leverage for real scenario (small sample) diagnosis. Several transfer strategies were con-
ducted, and Table 5 gives a summary of the trainable and non-trainable parameters associated

with the pretrain and TL strategies.
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Table 5: Summary of the parameters associated with the CNN

CNN mode Trainable parameters Non-trainable parameters  Total parameters

Pretrain 469,155 0 469,155
Fr Ran 190,531 278,624 469,155
Ft Ft 469,155 0 469,155
Ft Fr 278,624 190,531 469,155
Ran_Fr 278,624 190,531 469,155

During the pre-train, all parameters (weights and biases) were trained from scratch, however,
only certain parameters are trained during the transfer-learning process. For this, the hyper-
parameter settings were adjusted as follows: (1) batch size = 32 (default value); (2) optimizer
= stochastic gradient descent, momentum equal to 0.9; (3) learning rate = 0.001; (4) epochs
= 100. The default batch size was used in the pre-train since the sample is small and no
improvement was observed for smaller sizes. In accordance with the corresponding transfer

techniques, the feature extractor and classifier were changed.

5.2.3 Diagnosis results and analyses

Learning curves: A typical learning curve displays the model’s performance (accuracy or
error) on the vertical axis while the horizontal axis shows the number of times the model
has run over the whole training dataset (referred to as epochs). The model is first exposed
to the training dataset during the training phase, and then its performance is tested using a
separate dataset (the validation dataset) that is not exposed to the model during training. This
evaluation is typically done after each epoch or a certain number of iterations. The validation
dataset serves as a proxy for unseen data and helps estimates the model’s generalizability to

new, unseen data. The learning curve associated with the pre-train is presented in Figure 30.

The learning curve helps to diagnose conditions of overfit, underfit, or a good fit, with the
latter being desirable. Simply put, overfit suggests that the model has memorised the training
dataset too well instead of understanding the underlying patterns leading to poor performance
during testing, while an underfit is used to represent a model that can neither model the train
data nor perform well on test data due to simplicity of the model or small observations. A
good fit refers to a model that adequately captures patterns in the training data, and also

recognize them in unseen data. The train and validation accuracy rose steadily until reaching
100

The model’s accuracy as it progresses through training is shown by the accuracy curve. This
tells us how effectively the model is categorizing or predicting the target variable. Higher
values on the accuracy curve indicate better predictive performance, while a plateau or fluc-

tuations may indicate the need for adjustments, such as model complexity or hyperparameter
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tuning. On the other hand, loss quantifies the error or disparity between the forecasted and

actual values. During training, the objective is to reduce the loss, as lower values indicate

better alignment between predicted and actual values.
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Figure 30: Pretrained model - learning curves.

In the same vein, the effectiveness of considered transfer strategies is presented in Figure 31.

In terms of accuracy, Ran_Fr had a smooth and faster rise to 100% accuracy than all other

strategies. Fr_Ran had 84% accuracy which is the lowest, and can consequently predict faults

associated with the target at this accuracy. Both Ft Fr and Ft Ft had unclear movements in

the beginning before converging to 100% which may be attributed to the technique applied

to the feature extractor part, unlike the other two strategies.
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Figure 31: Transfer strategies - learning curves.

On losses, Ft Frand Ft Ft had the highest error during the start of the training before reduc-

tion to 0. It can be seen that the loss curve associated with Fr_Ran does not tend to 0 which

will eventually affect its generalizability during testing. After 60 epochs, all other strategies

had attained zero error which can be traced to 100% accuracy in the accuracy curves.
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Confusion matrix: The confusion matrix provides a comprehensive summary of the predic-
tions made by a model, enabling a detailed analysis of the classification results. It comprises
a tabular representation that contrasts the test data’s actual labels with the predicted labels
produced by a model. It provides valuable insights into the model’s ability to correctly clas-
sify instances into different classes or categories. The strengths and drawbacks of the model
may be better understood by an analysis of the confusion matrix’s generated performance

indicators.

The result obtained when the pre-trained model was tested on the test data is given in Figure
32 where the model attained 100% prediction accuracy of the bearing condition associated
with the simulated dataset.
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Figure 32: Confusion matrix of pretrained model.

A confusion matrix takes its form according to the number of categories being used in the
analysis. It comprises rows and columns, where each row represents the predicted classes and
each column the actual. The cells of the confusion matrix contain the counts or frequencies
of instances that belong to specific combinations of predicted and true classes. The accuracy
of the prediction is shown in the diagonal of the matrix. Important performance indicators
including accuracy, recall, and F1-score may also be generated from the confusion matrix.
These metrics provide valuable insights into the model’s overall classification accuracy, its
ability to correctly identify positive or negative instances and the trade-off required between

precision and recall.

Furthermore, the pre-trained model was used as a base to develop a new model for a real-
world case given insufficient samples. The figure below shows how well the model worked
with data from the real world.
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Figure 33: Confusion matrix of several transfer learning models.

The prediction result shows a high misclassification in the case of Fr_Ran where 97% of
the outer race test dataset was predicted as healthy and 3% as defective inner race. This is
undesirable and can be attributed to the size of the samples used for training. Other strategies

showed an excellent prediction of the labels/categories the test dataset belongs.
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6 DISCUSSION

The results and analyses have been presented in the case study chapter under respective sub-
headings. In this chapter, they are put into perspective by relating them to the objectives of
the study, literature reviewed and, to a large extent, the field of IFD thereby acknowledging
the research study’s contributions and limitations .

6.1 Overview

This study used a simulated dataset from a rotor-bearing model to develop a diagnosis model,
and subsequently transfer the knowledge learned to a target model using limited samples. We
found that the results, for case one, are consistent with experimental results and those from
previous studies. Furthermore, case two’s results revealed that the model can accurately
recognize the conditions of the bearings for at least three transfer strategies evaluated. Prac-
tically, this means that three of the models can be deployed for real-time bearing condition

monitoring without (or reduced) the need for experts or domain-specific knowledge.

Contrary to common TL using a parameter transfer routine that starts with Fr Ran followed
by Ft Ft, this study splits the strategies to evaluate their effectiveness leading to three positive
transfers and one negative transfer. Since the model can intelligently classify the bearing
conditions with 100% accuracy at the source level (see Figure 32), a negative transfer in
this context can be stated as a reduction in the performance of the new model, whereas a
positive transfer at the target leads to an equal or increased accuracy. The negative transfer
of Fr_Ran which shows a high misclassification in diagnosing outer race fault may imply low
adaptation, a need to tweak the architecture or hyperparameters, or insufficient target samples
for generalization. From the literature, an arbitrary amount of samples are used for the target,
so the minimum samples for effective transfer are still unclear. Also, the plateau observed in
the learning curves may suggest that the model has reached a saturation point or a case of the
plateau phenomenon where the model may appear to have reached saturation. Although the
confusion matrix’s result may not suggest this phenomenon, it may be worthwhile to train

for more epochs to ascertain the accuracy.

Furthermore, selecting the ideal hyperparameter settings for training is crucial for the model
performance as the learning curves and resulting prediction can quickly change with a slight
variation of the settings. Suitable hyperparameter settings can be obtained by either a manual
trial and error process or a systematic and automated process using available libraries (e.g.

using GridSearchCv available in Python’s SciKitLearn). The hyperparameters used were
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manually selected which might suggest the need for further investigation. The default batch
size of 32 was used in the transfer learning process since lower values did not show significant
performance. Typically, the main purpose of setting the batch size lower than the available
samples is to increase the speed of convergence. Therefore, for small samples, speed may

not be of paramount importance.

The results from the TL model should be evaluated and compared with the results obtained
from Linear Regression, ANN, SVM and so on. The purpose is to assess the performance

and effectiveness of the model against these established methods.

6.2 Contributions

It is pertinent to state that the methodology for carrying out CNN-based transfer learning
associated with supervised learning (i.e., labelled datasets in both domains) for bearings can
take three forms, viz: (1) Using a pre-trained model (e.g., VGG-16, ResNet, and Alexet) and
a target dataset; (2) Using a source dataset from real equipment to train a model (later referred
to as pre-trained model) and a target dataset from another real equipment; and (3) Using a
simulated dataset from a model similar to real equipment to train a model (later referred to

as pre-trained model) and a target dataset from real equipment.

Most of the studies from our review show that the first form is the most studied, and the
third form which is the main theme of this study is the least, in fact, less than three papers
were identified. The dearth of simulation-based transfer learning using CNN justifies the
importance of this research study. The key contribution of this study is the provision of a
framework for intelligent fault diagnosis of bearings in scenarios where there are few samples.
Ifthe size of the target samples used in this study is juxtaposed with samples from most CNN-
based transfer learning studies, the relevance and findings of this research can be properly

substantiated.

6.3 Limitations

There are two main limitations of the research study. First, the diagnosis model was trained
using vibration data from ball bearings running at 900 revs/min subjected under a single
load. Therefore, the performance of the model cannot show satisfactory results if deployed
for monitoring bearings installed on different equipment or bearings operating at different
working conditions. If the model is trained using data from several equipment and various
working conditions, then, the effectiveness of the model for health recognition tasks would
increase. However, the proposed framework is a case study for bearing diagnosis, it can be

applied to other machines including gearboxes.
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Furthermore, if the architecture used is compared to popular pre-trained models like ResNet,
VGG-16 or MobileNet, the simplicity is obvious. These pre-trained models use several con-
volution and pooling layers in the feature extractor section resulting in a more robust model.
Since the convolution layers at the beginning of a CNN learn generic features while increasing

the specificity as the network deepens, the structure of the architecture could be improved.

In spite of these limitations, which provide opportunities for researchers to build upon, the
study gives a strong argument that supports the transfer of diagnosis knowledge from simu-

lation to the physical scenario.
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7 CONCLUSIONS

In this master’s thesis, a diagnosis framework whose base is reliant on a dynamic model and
transfer learning, capable of resolving the difficulty associated with sample acquisition in the
course of model training as well as domain discrepancy common in real-world scenarios is
presented. This work uses a dynamic model earlier proposed for simulating the vibration sig-
nals. The implementation of the model had earlier been achieved in MSC Adams, however,
this study extended the functionality of a rotor-bearing library in Matlab (RoBeDyn) devel-
oped at LUT University to account for the localized defects presented in the aforementioned
study. Furthermore, the parameters of the bearing and other necessary parameters in case 1
were modified to match an experimental test rig setup for case 2. Thereafter, simulation data
obtained was used to demonstrate the transfer of knowledge to the real-world when either
common challenges such as sample acquisition may arise or the need for less computation

time by leveraging the knowledge already learned in the pre-trained.

The results from case 1, except for some disparity, are in agreement with those obtained from
Adams. This may be due to the different solvers used for both studies. Also, unlike the study
conducted by Sopanen and Mikkola (2003b), this study did not obtain the results of both
large and small defects which may provide a better viewpoint for comparing and contrasting
results from both studies. Only defect size corresponding to large defects was considered
in this study. The study of how unbalance and clearance affect the system could give more

information about how the RoBeDyn rotor-bearing system works.

Diagnosis results from case 2 showed that the resulting model is effective for predicting the
condition of the bearing despite some differences in the data distribution from both domains.
Since some essential parameters such as damping and masses of bearing housing used were
not provided along with the Paderborn dataset, the differences seen in both frequency and
time-domain figures may not be a complete reflection of the results. Generally, the resulting
diagnosis model cannot be a silver bullet for all bearing working conditions and equipment
because their applicability and performance are dependent on the dataset used for training.
Therefore, the use of data corresponding to several working conditions and equipment would
make a more complete model. Also, the sample size used is small when contrasted with
similar CNN-based transfer learning studies, the ideal sample size to use for successful gen-
eralizability of the new model is still unclear from the literature reviewed. Hence, a study
conducted in this regard will be beneficial for future studies. It should be noted that the re-
sults of models are very sensitive to hyperparameters and to some extent computing resources

used in the training.
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The objective of the study stated in the introduction section which cuts across defective bear-
ing diagnosis from simulation to the physical domain has been demonstrated. The results
obtained can be useful for future research and development in this domain as it provides

insights into the behaviour of bearing conditions as well as fault recognition.
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