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Lay Abstract 

This thesis focuses on developing advanced fault detection and diagnosis techniques for 

rotary machines, particularly for Belt Starter Generators (BSGs) and Internal Combustion 

Engines (ICEs). The research introduces novel methods using signal processing and 

machine learning to identify faults accurately. Key innovations include adaptive 

methodologies that handle data variability and domain shifts, ensuring robust 

performance under diverse conditions. The practical applicability of these techniques is 

validated through real-world experiments. The findings enhance the reliability and 

accuracy of fault detection, contributing to safer and more efficient industrial operations.  
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Abstract 

This thesis addresses the development of innovative techniques for fault detection and 

diagnosis for rotary machines, explicitly focusing on Belt Starter Generators (BSGs) and 

Internal Combustion Engines (ICEs). The primary objective is to create methodologies 

that enhance the accuracy and reliability of fault detection systems by utilizing advanced 

signal processing and machine learning approaches. 

Three key contributions are made in this research. First is the integration of Short-Time 

Fourier Transform (STFT) with Principal Component Analysis (PCA)-based Multivariate 

Statistical Process Control (MSPC). This novel approach addresses the challenges posed 

by data variability in industrial environments. It significantly improves the robustness of 

fault detection algorithms. 

Second, the research develops the Adapted Local Binary Pattern (ALBP) method for 

bearing fault detection in BSG systems. This method combines signal processing 

techniques with computer vision algorithms to achieve superior accuracy without 

increasing computational complexity. Additionally, innovative strategies for handling 

domain shifts, such as multi-sensory multiblock analysis and domain adaptation 

techniques, are proposed to ensure consistent fault detection performance across 

different operating conditions. 

Third, the practical applicability of the proposed methodologies is thoroughly evaluated 

through comprehensive validation experiments using real-world industrial data. The 

results demonstrate the effectiveness and reliability of these methods, highlighting their 

potential for real-world implementation. These contributions enhance the state-of-the-art 

in fault detection and diagnosis, significantly improving operational reliability and 

efficiency for industrial machinery. 

This thesis presents substantial advancements in fault detection and diagnosis, providing 

robust solutions to address variability and domain shift challenges in industrial data. The 

findings contribute to safer and more efficient industrial operations, reinforcing the 

importance of advanced analytical techniques in the automotive industry.  
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1 Introduction 

1.1 Overview  

The growing demand for quality control in mass production necessitates that 

manufacturers adopt rapid and precise testing protocols for their products. This urgency 

is particularly pronounced in the automotive industry, where defective components 

damage the manufacturer's reputation and pose potential safety risks. As a result, there 

is a significant focus on Fault Detection and Diagnosis (FDD) for critical components in 

electric motors and internal combustion engines. 

This research lays the foundation for a comprehensive exploration of innovative 

methodologies for FDD, specifically targeting rotary machines such as Internal 

Combustion Engines (ICEs) and Electric Motors (EMs). Three novel robust algorithms for 

electric motors have been designed and validated using a diverse dataset collected 

during this research. The challenges and optimal operating conditions for detecting, 

diagnosing, and predicting the severity level of faults are thoroughly investigated. These 

methods aim to overcome the critical challenges known as the domain gap in fault 

detection and diagnosis using machine learning approaches. 

Moreover, two distinct machine learning-based algorithms for detecting and diagnosing 

spark plug degradation, cylinder leakage, and Exhaust Gas Recirculation (EGR) valve 

failure in internal combustion engines are addressed. 

1.2 Research Gap 

Despite advancements in FDD techniques, there is a notable gap in the literature 

concerning the robustness and adaptability of existing methodologies to address the 

inherent variability and domain shifts in industrial machinery data. This research aims to 

bridge this gap by introducing novel approaches that enhance fault detection accuracy 

and demonstrate resilience against data variability and domain shifts. 
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1.3 Research Objectives 

The primary objective of this research is to develop and assess innovative techniques for 

fault detection and diagnosis in rotary machines. Specifically, the research aims to: 

1) Develop novel techniques for fault detection and diagnosis in Belt Starter 

Generators (BSGs) systems and Internal Combustion Engines (ICES):  

Innovate methodologies specifically customized for accurately detecting and 

diagnosing faults in BSG systems and ICEs, utilizing signal processing and 

multivariate machine learning approaches. 

2) Develop noise invariant fault detection methodologies capable of adjusting 

to variations in data characteristics and mitigating the adverse effects of 

domain shifts on fault detection and diagnosis performance in Belt Starter 

Generators (BSGs) systems:  

This objective focuses on designing methodologies with inherent adaptability to 

effectively handle diverse sources of data variability encountered in BSG systems, 

ensuring robust performance under varying operating conditions while also 

addressing the challenges posed by domain shifts in data distribution between 

training and testing phases. 

3) Assess the practical applicability of the proposed methodologies in real-

world industrial settings: 

Conduct comprehensive validation experiments to evaluate the developed 

methodologies' feasibility, effectiveness, and usability in real-world industrial 

environments. 

1.4 Contributions and Novelty of the Research 

This thesis proposes three hypotheses, which are discussed below, followed by a 

summary of the contributions. 

1.4.1 Hypotheses 

1. Feature engineering is an important step before employing learning algorithms, 

especially when dealing with limited data and high variability. The novel integration of 

time-frequency techniques, such as Short Time Fourier Transform (STFT) and PCA-
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based Multivariate Statistical Process Control, alongside machine learning 

techniques, may enhance the robustness of fault detection algorithms. This integration 

enables effective mitigation of data variability commonly encountered in industrial 

environments. 

2. The combination of signal processing techniques with modified filters and computer 

vision algorithms, such as Local Binary Patterns, can potentially improve the accuracy 

and reliability of fault detection and diagnosis in industrial machinery, particularly in 

bearing systems and Belt Starter Generators (BSGs). 

3. Innovative approaches, such as multi-sensory multiblock analysis and domain 

adaptation techniques, may contribute to developing more resilient fault detection and 

diagnosis systems. These systems could be suitable for real-world electric motor fault 

detection and diagnosis applications. 

1.4.2 Contributions 

The hypotheses discussed earlier served as the primary motivation behind this study, 

leading to various vital findings. Through investigating these hypotheses, both primary 

and secondary contributions emerged. The subsequent sections provide an overview of 

these primary and secondary contributions, which are also outlined in  

Figure 1-1. 
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Figure 1-1: Research Contribution Flowchart. 

1. Development of novel methodologies: 

¶ Integration of Short-Time Fourier Transform (STFT) with PCA-based Multivariate 

Statistical Process Control (MSPC) to address variability challenges in fault 

detection and diagnosis of industrial machinery. 

¶ Introducing the Adapted Local Binary Pattern (ALBP) method for bearing fault 

detection and diagnosis in Belt Starter Generators (BSGs), demonstrating superior 

accuracy without increasing computational complexity. 

¶ Introducing innovative strategies for tackling domain shift challenges in bearing 

fault detection and diagnosis, including multi-sensory multiblock analysis and 

domain adaptation techniques. 

2. Enhancement of fault detection and diagnosis accuracy: 

¶ Improving fault detection accuracy in BSG systems through the ALBP and MSPC 

algorithms, leading to more reliable fault diagnosis. 
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¶ Enhancing fault detection robustness by mitigating the impact of data variability 

and domain shifts, ensuring consistent performance across diverse operating 

conditions. 

3. Practical applicability and validation: 

¶ Assessing the practical applicability of the proposed methodologies in real-world 

industrial settings, considering factors such as ease of implementation, 

computational complexity, reliability, and cost-effectiveness. 

¶ Validating the new methodologies through comprehensive experimentation using 

real measurements, demonstrating their effectiveness and reliability for industrial 

applications. 

1.5 Thesis Structure 

This thesis combines analytical and experimental research to advance rotary machine 

fault detection and diagnosis algorithms. The structure of the thesis is outlined as follows: 

Chapter 2 provides a comprehensive literature review of fault detection and diagnosis 

methods, focusing on data-driven and process history-based algorithms and the 

integration of machine learning techniques. It examines the strengths and weaknesses of 

various machine learning methods and conducts comparative analyses among them. 

Additionally, the chapter presents recent topics in machine learning, including the 

development of training models, challenges, trends, and the future trajectory of machine 

learning. Furthermore, it elucidates the Industrial Multi-Scale Principal Component 

Analysis method pioneered by Ismail in 2015. 

Chapter 3 presents a novel signal-based fault detection and diagnosis approach utilizing 

multivariate statistical process control and time-frequency methods. The chapter employs 

a sliding window technique to traverse from lower to higher frequencies, extracting an in-

control space using baseline or healthy system data. Subsequently, new observations 

are projected onto this space, and the squared prediction error is measured. Based on 

this error and the frequency range of deviation from the baseline, faults in BSGs can be 

detected and diagnosed. Additionally, the chapter offers a comprehensive analysis of 

various factors affecting model performance in detecting and diagnosing bearing and 

pulley-unbalanced faults. Different operating conditions are tested, and the discussion 
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delves into investigating the optimal operating conditions for Fault Detection and 

Diagnosis (FDD). 

Chapter 4 introduces an innovative approach aimed at enhancing the efficacy of the 

Local Binary Patterns (LBP), a widely utilized method in computer vision. This method 

integrates the Short Time Fourier Transform with a modified LBP algorithm named the 

Adapted Local Binary Pattern (ALBP), thereby rendering the model resilient against noisy 

signals. Additionally, the chapter examines the impact of incorporating multiple axes for 

capturing vibration data of the Belt Starter Generator, comparing it with using data from 

only one axis. 

Chapter 5 introduces two novel fault detection and diagnosis methodologies and employs 

state-of-the-art techniques to address the issue known as domain gap, which is a 

significant concern in machine learning algorithms. The chapter proposes two solutions 

to mitigate the domain shift between test and train data: first, multi-block or data fusion 

and integration with MSPC models. Second, another solution utilizing domain adaptation 

Principal Component Analysis is introduced for the detection and diagnosis of systems 

that cannot accommodate multiple sensors. 

Chapter 6 demonstrates the effectiveness of the IEMSPCA approach coupled with 

Support Vector Machine (SVM) and Multiple Linear Regression (MLR) models. It presents 

a comprehensive approach for fault detection and diagnosis (FDD) and assesses the 

severity of pulley-unbalanced faults in mechanical systems. Utilizing the IEMSPCA, fault 

signatures were extracted from sensor data. Additionally, this chapter provides some 

results that show concerns about the robustness of IEMSPCA. A Multiple Linear 

Regression (MLR) model was then employed to analyze the relationship between the 

extracted features and fault severity. 

Chapter 7 introduces two innovative fault detection and diagnosis (FDD) algorithms 

specifically designed for internal combustion engines, utilizing an optical crank angle 

encoder. Experiments were conducted on a 2018 Ford Gen 3, 5.0L V8 Coyote engine, 

which was modified to allow access to specific cylinders for in-cylinder pressure 

measurement and combustion analysis. Three engine faultsðEGR valve failure, cylinder 

leakage, and spark plug degradationðwere simulated. 
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The first approach employs the Fast Fourier Transform (FFT) to convert crank angle 

domain data into the frequency domain, followed by dimensionality reduction using 

Principal Component Analysis (PCA). The reduced dataset is then analyzed using a Multi-

layer Perceptron (MLP) model for fault detection and diagnosis. The second method 

involves developing a classification model with a Random Forest (RF) classifier and 

Curve Descriptive (CD) Features. This chapter compares the performance of the MLP 

model and the CD-RF model in detecting and diagnosing misfire faults. 

Chapter 8 summarizes the key conclusions and offers recommendations for future 

research. 
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2 Literature Review 

2.1 Fault Detection and Diagnosis (FDD)  

As a result of the fourth industrial revolution, most of today's technology, industries, and 

societal processes are becoming more intelligent, faster, and more efficient (Gravanis et 

al. 2022)(Park, Fan, and Hsu 2020). Fault Detection and Diagnosis (FDD) applications 

are of considerable interest to the automotive industry due to their impact on vehicle 

safety, reliability, maintenance, and operating cost (Ahmed et al. 2014)(Kimmich, 

Schwarte, and Isermann 2005). The desirable aspects that diagnosis systems should 

have are listed as follows (Venkatasubramanian, Rengaswamy, Yin, et al. 2003): 

¶ Ability to detect and diagnose quickly. 

¶ Ability to Isolate and locate the source of a fault condition. 

¶ Robustness. 

¶ Adaptability. 

¶ Computing power and storage requirements. 

¶ Ability to detect and diagnose multiple faults. 

A fault is an unauthorized deviation of at least one characteristic property or variable 

within a system. Ensuring that process operations meet performance specifications 

requires detecting, diagnosing, and identifying faults. These activities fall under the 

umbrella of process monitoring. The four steps associated with process monitoring (see 

Figure 2-1) are (Urwin 1994):  

¶ Fault detection. 

¶ Fault identification. 

¶ Fault diagnosis. 

¶ Process recovery. 

Fault detection involves determining whether a fault has occurred. Fault identification 

entails pinpointing the observation variables most pertinent to diagnosing the fault. Fault 

diagnosis involves deciding which fault occurred, essentially identifying the cause of the 

observed out-of-control status (Raich and Çinar 1996). 
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Figure 2-1: Process monitoring loop (Urwin 1994). 

There are three main categories of fault diagnosis methods: quantitative model-based, 

qualitative model-based, and process history-based methods (Venkatasubramanian, 

Rengaswamy, Yin, et al. 2003). Generally, models based on general input-output and 

states-space inputs have been used when assessing quantitative models 

(Venkatasubramanian, Rengaswamy, Yin, et al. 2003). Conversely, in the qualitative 

models, qualitative functions are used to understand the physics and chemistry of the 

process(Venkatasubramanian, Rengaswamy, and Kavuri 2003). The process history-

based methods differ from model-based ones because they do not require prior 

knowledge (quantitative or qualitative) about the process. They only require historical data 

(Venkatasubramanian, Rengaswamy, Kavuri, et al. 2003). It is possible to transform 

historical data into a priori knowledge for use in diagnostic systems. Feature extraction 

refers to this process (Venkatasubramanian, Rengaswamy, Kavuri, et al. 2003). Figure 

2-2 presents the various ways process history can extract knowledge. It shows that 

extractions can either be qualitative or quantitative. Expert systems and trend models are 

the most common methods for obtaining qualitative historical information. A wide range 

of quantitative methods can be categorized as non-statistical or statistical. A neural 

network is an essential form of non-statistical classification. A significant component of 

statistical feature extraction methods is a quantitative analysis using principal component 

analysis (PCA) and partial least squares (PLS)(Venkatasubramanian, Rengaswamy, 

Kavuri, et al. 2003).  PCA uses a small number of relevant factors to identify significant 

trends in the data. In 1901, Pearson (Pearson 1901) proposed the Principal Component 

Analysis (PCA) method. In literature (Jackson 2005)(Wold, Esbensen, and Geladi 1987), 

PCA is referred to as a multivariate analysis technique devised by Hotelling (Hotteling 

1947) in 1947. 
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Figure 2-2: Classification of process history-based methods (Venkatasubramanian, 

Rengaswamy, Yin, et al. 2003). 

This research focuses on employing a comprehensive approach for fault detection and 

diagnosis, integrating PCA-based multivariate statistical control, machine learning 

techniques, and signal processing methods. By combining these methodologies, the 

effectiveness and accuracy of fault detection systems in complex industrial processes are 

enhanced. PCA-based multivariate statistical control offers a powerful means of 

identifying anomalies by analyzing the multivariate relationships among process 

variables. Machine learning techniques, on the other hand, enable the system to learn 

patterns from historical data and adapt to changing process conditions, thereby improving 

fault detection capabilities. Additionally, signal processing methods provide essential 

tools for extracting relevant information from sensor data, further enhancing the 

robustness of the fault detection system. This integrated approach facilitates a holistic 

and sophisticated solution for monitoring and diagnosing faults, ultimately contributing to 

improved process reliability and efficiency. 

However, before delving into the specifics of these methodologies, it is essential to 

establish a foundational understanding of certain concepts in probability theory. This 

preliminary step is crucial given the inherent connection between machine learning and 
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data. By elucidating key principles in probability theory, the underlying mechanisms 

driving machine learning algorithms and their application to data analysis can be better 

comprehended. 

2.2 Probability Theory 

Probability theory (Rényi 2007) serves as a mathematical framework for expressing 

uncertainty and deriving new uncertain statements. It examines the likelihood of different 

outcomes occurring in each situation. In artificial intelligence, it is utilized in two main 

ways: guiding AI systems in reasoning processes and analyzing their behavior through 

probability and statistics. This theory is integral to various scientific and engineering 

disciplines (Goodfellow, Bengio, and Courville 2016). The following key concepts in 

probability theory will be provided. 

2.2.1 Random Variable  

A random variable is a variable that can assume various values unpredictably 

(Goodfellow, Bengio, and Courville 2016). It is typically represented by a lowercase letter 

in regular font, with its potential values indicated by lowercase subscript letters. For 

instance, ὼ and ὼ are both potential values of the random variable. In the case of vector-

valued variables, the random variable is denoted as ὢ and one of its values as ὼ. 

However, a random variable solely describes possible states: it must be paired with a 

probability distribution that delineates the likelihood of each of these states (Goodfellow, 

Bengio, and Courville 2016). 

Random variables can be either discrete or continuous (Learning 2016). A discrete 

random variable encompasses a finite or countably infinite number of states (Learning 

2016). It is important to note that these states do not have to be integers; they can also 

be categorical states without numerical values. In contrast, a continuous random variable 

is associated with real values (Goodfellow, Bengio, and Courville 2016). 

2.2.2 Probability Distributions 

A probability distribution delineates the likelihood of a random variable or a group of 

random variables assuming each of their potential states (Learning 2016). The way 

probability distributions are articulated varies depending on whether the variables are 

discrete or continuous (Goodfellow, Bengio, and Courville 2016). 
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¶ Discrete variables and Probability Mass Functions  

A probability distribution for discrete variables is often described using a Probability Mass 

Function (PMF), denoted by a capital ὖ. Each random variable is typically associated with 

its own PMF, and the appropriate PMF is inferred depending on the random variable's 

identity rather than the function's name. For instance, ὖὼ usually differs from ὖώ 

(Goodfellow, Bengio, and Courville 2016). The PMF maps from a state of a random 

variable to the probability of that random variable taking on that state. The notation ὖὼ 

represents the probability that ὼ assumes a specific value, where a probability of ρ 

signifies certainty and a probability of π denotes impossibility (Goodfellow, Bengio, and 

Courville 2016) 

¶ Probability Density Functions for Continuous Variables 

When working with continuous random variables, probability distributions are 

characterized by Probability Density Functions (PDFs) rather than Probability Mass 

Functions (PMFs). A PDF, denoted by ὴὼ, must satisfy certain properties: 

1. The domain of ὴὼ encompasses all possible states of ὼ. 

2. For every ὼ, ὴὼ π. It is worth noting that ὴὼ is not necessarily less than or 

equal to ρ. 

3. The integral of ὴὼ over the entire domain equals ρ. 

A Probability Density Function (PDF) denoted as ὴὼ is used to describe the 

likelihood of a continuous random variable ὼ taking on a particular value. However, 

unlike discrete variables where the PMF directly gives the probability of a specific 

value, a PDF does not give probabilities in that straightforward manner. 

Instead, the PDF represents the relative likelihood of the random variable falling within a 

small interval around a specific value of ὼ. The probability of the continuous variable ὼ 

falling within an infinitesimally small interval ὼȟὼ Ўὼ is approximately given by 

multiplying the value of the PDF at ὼ, ὴὼ, by the width of the interval Ўὼ (Goodfellow, 

Bengio, and Courville 2016). 

Table 2-1 summarizes some useful probability distributions commonly encountered in 

machine learning. 



Ph.D. Thesis ς Hosna Geraei 
McMaster University ς Department of Mechanical Engineering 
 

13 
 

Table 2-1: Useful probability distributions commonly encountered in machine learning. 

Probability distribution Descriptions 

Bernoulli ¶ The Bernoulli distribution models 

a single binary random variable 

that can take on one of two 

possible outcomes, typically 

labeled as "success" and "failure" 

or 1 and 0. 

¶ It is characterized by a single 

parameter, p, which represents 

the probability of the "success" 

outcome. 

¶ The probability mass function 

(PMF) of a Bernoulli distribution 

is: 

 

 

Multinoulli ¶ The Multinoulli distribution, also 

known as the categorical 

distribution, generalizes the 

Bernoulli distribution to the case of 

more than two outcomes. 

¶ It models a random variable that 

can take on one of K discrete 

outcomes, each with its own 

probability. 

¶ It is characterized by ὑ parameters 

ὴ1, ὴ2,é,ὴὑ representing the 

probabilities of each outcome. 
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¶ The PMF of a Multinoulli 

distribution assigns a probability to 

each possible outcome. 

 

Gaussian ¶ The Gaussian distribution is one of 

the most encountered distributions 

in statistics and machine learning. 

¶ It is characterized by two 

parameters: the mean ɛ and the 

variance ů2. 

¶ The probability density function 

(PDF) of a Gaussian distribution is:  

 

¶ It is symmetric around its meaning 

and has a bell-shaped curve. 

¶ Many natural processes tend to 

follow a Gaussian distribution, 

making it widely applicable. 

 

Mixtures ¶ Mixture distributions combine 

multiple component distributions 

to model more complex probability 

distributions. 

¶ Each component distribution 

represents a different mode or 

cluster within the overall 

distribution. 

¶ Commonly encountered mixture 

distributions include Gaussian 

Mixture Models (GMMs), which 
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are composed of a mixture of 

multiple Gaussian distributions. 

¶ Mixture distributions are 

particularly useful for modeling 

complex data with multiple 

underlying patterns or clusters. 

 

 

2.2.3 Expectations, Variance, and Covariance  

The expectation, or expected value, of a function Ὢὼ with respect to a probability 

distribution ὖ(ὼ) represents the most likely value that Ὢ assumes when ὼ is sampled from 

ὖ (Goodfellow, Bengio, and Courville 2016). 

For discrete variables, this expectation can be calculated by summing over all possible 

values of ὼ (Goodfellow, Bengio, and Courville 2016):  

ͯ Ὢὼ ὖὼὪὼ (1-1) 

For continuous variables, the expectation is computed using an integral over the entire 

range of possible values of ὼ in that interval  (Goodfellow, Bengio, and Courville 2016): 

ͯ Ὢὼ ὴ᷿ὼὪὼὨὼ (1-2) 

When the distribution's identity is evident from the context, one can simply write the name 

of the random variable over which the expectation is taken, as in Ὢὼ . If it is evident 

which random variable the expectation refers to, the subscript can be skipped entirely, as 

in Ὢὼ . 

The variance quantifies how much a function of a random variable ὼ varies when sampling 

different values of ὼ from its distribution (Goodfellow, Bengio, and Courville 2016):  

ὠὥὶὪὼ Ὢὼ Ὢὼ  (1-3) 

A low variance indicates that the values of Ὢ(ὼ) are clustered near their expected value. 

The square root of the variance is termed the standard deviation. 
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Covariance gauges the linear relationship between two values and their scales 

(Goodfellow, Bengio, and Courville 2016): 

ὅέὺὪὼȟὫώ

Ὢὼ Ὢὼ Ὣώ

Ὣώ  

(1-4) 

High absolute values of covariance imply significant changes in both variables, with both 

often far from their means simultaneously. Positive covariance indicates that both 

variables tend to take on relatively high values together, while negative covariance 

suggests that one variable tends to be high when the other is low and vice versa. Other 

measures like correlation normalize contributions to assess only the relationship between 

variables, regardless of their scales (Goodfellow, Bengio, and Courville 2016) 

2.3 Machine Learning and its Application in Fault Detection and Diagnosis 

(FDD) 

Moore's Law (Schaller 1997), proposed by Gordon Moore in 1965 (Figure 2-3), asserts 

that the number of transistors on a microchip doubles approximately every two years, 

leading to a corresponding increase in computing power and performance while 

decreasing the cost of electronics. This principle has driven the continuous growth of 

computational capabilities, enabling the introduction of various artificial intelligence (AI) 

techniques in computer science, particularly in Fault Detection and Diagnosis (FDD). 

These AI methodologies, such as machine learning, leverage the increasing 

computational power to handle vast amounts of data and extract valuable insights, 

departing from traditional logic algebra methods established in the 1950s. 
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Figure 2-3:Gordon Moore alongside fellow electronic pioneers Robert Noyce and Andrew Grove. Moore 

and Noyce contributed to the development of planar integrated circuits, while Grove now holds the 

position of president and chief executive officer at Intel Corp (Schaller 1997). 

Machine learning can be mainly characterized as computational techniques that utilize 

past experiences to enhance performance or make accurate predictions (Mehryar Mohri, 

Afshin Rostamizadeh 2019). In this context, "experience" relates to historical information 

accessible to the learner, typically in the form of sensory data collected and prepared for 

analysis. Regardless of the source of data, the quality and quantity of data play pivotal 

roles in the learner's ability to generate reliable predictions. 

Generally, a larger sample size makes it easier to predict accurately. However, it is not 

solely about quantity; the accuracy of the labels on the data and the diversity of targets 

also play significant roles in determining the complexity of the prediction task. For 

instance, when predicting a dogôs breed based on physical features, a finite set of 

randomly selected, labeled dogs is utilized to accurately predict the breed of unseen dogs. 

The size of the sample, or the number of dogs available, significantly impacts the 

accuracy of the predictions. 

Machine learning tries to develop precise prediction algorithms, which are inherently 

dependent on data. Therefore, it is linked to data analysis and statistics, which are pivotal 

for obtaining meaningful insights from data. Within the area of machine learning, 

numerous standard tasks have been investigated (see Table 2-2). Additionally, Table 2-3 

presents a compilation of definitions and commonly employed terminology in the field of 

machine learning. 

Table 2-2: Standard tasks in Machine learning. 
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Task Description 

Classification involves the task of assigning a category 

to each observation. For instance, in dog 

breed classification, observations are 

assigned categories such as Golden 

Retriever, German Shepherd, or Poodle, 

while in image classification, categories 

like car, train, or plane are assigned to 

images. Typically, the number of 

categories in these tasks ranges from a 

few to a few hundred, but in more 

challenging tasks, it can be significantly 

larger or even unlimited, as seen in Optical 

Character Recognition (OCR), text 

classification, or speech recognition. 

Regression Involves the task of predicting a 

continuous real value for each 

observation. Examples of regression 

include forecasting house prices or 

predicting changes in economic variables. 

In regression, the degree of error in 

prediction is determined by the magnitude 

of the difference between the actual and 

predicted values, unlike classification 

problems, where the closeness between 

different categories is not typically 

considered. 

Ranking This is the challenge of arranging 

observations based on a specific criterion, 

like sorting web pages to match search 

queries. It is a common issue in designing 
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systems for information extraction or 

natural language processing, where 

ranking observations is crucial. 

Clustering This describes the challenge of dividing a 

set of observations into homogeneous 

subsets. Clustering is commonly applied 

to analyze extensive datasets. For 

example, in social network analysis, 

clustering algorithms strive to identify 

natural communities within large groups of 

people. 

Dimensionality 

Reduction 

This challenge revolves around 

transforming an initial representation of 

observations into a lower-dimensional 

form while retaining specific properties of 

the original representation. A common 

scenario involves preprocessing digital 

images in computer vision tasks. 

 

Table 2-3: Definitions and commonly employed terminology in the field of machine learning. 

Terminology Description 

Example/Observati

on/Item/Sample/ 

Instance 

The data items or instances used for learning or assessment. In 

the context of the dog breed classification problem, these 

examples correspond to the collection of dog images employed 

for learning and testing. 

Features The collection of attributes, often represented as a vector, is 

associated with a particular instance. In the case of dog images, 

relevant features may include breed-specific characteristics such 

as fur color, ear shape, tail length, snout size, and other 

distinctive traits. 
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Labels Assignments of values or categories to instances. In 

classification tasks, instances are categorized into specific 

groups, such as different breeds of dogs in our classification 

problem. In regression, instances are allocated real-numbered 

labels. 

Hyperparameters Parameters that are not determined by the learning algorithm but 

rather provided as inputs to it. 

Training samples Instances employed to train a learning algorithm. In our dog 

classification task, the training dataset comprises various dog 

images along with their corresponding breed labels. 

Validation samples Instances utilized to adjust the parameters of a learning algorithm 

when dealing with labeled data. The validation dataset is 

employed to determine suitable values for the learning 

algorithm's free parameters, also known as hyperparameters. 

Test samples The evaluation set represents the instances used to assess the 

efficacy of a learning algorithm. It remains distinct from both the 

training and validation datasets and is inaccessible during the 

learning phase. In the context of dog breed classification, the 

evaluation set includes a set of dog images for which the learning 

algorithm is tasked with predicting breed labels based on 

features. These predictions are subsequently juxtaposed with the 

true labels of the evaluation set to gauge the algorithm's 

performance. 

Loss functions A metric that quantifies the disparity, known as loss, between a 

predicted label and the actual label. Representing the set of all 

labels as ὣ and the potential predictions as ὣ', a loss function L 

is expressed as a mapping ὒ: ὣ  ὣᴂ O  Ὑ . In many instances, 

ὣᴂ  ὣ, and the loss function is constrained, although these 

conditions may not always apply. Common examples of loss 

functions include the zero-one (or misclassification) loss, defined 

over ρȟρ  ρȟρ ὥί ὒώȟώᴂ  ρ , and the squared 



Ph.D. Thesis ς Hosna Geraei 
McMaster University ς Department of Mechanical Engineering 
 

21 
 

loss, defined overὐ  ὐ ὦώ ὒώȟώᴂ  ώᴂ  ώ , where ὐṖ ᴙ is 

typically a finite interval. 

Hypothesis set A series of functions that connect features (feature vectors) to 

the label set ὣ. In our dog classification case, these functions 

could represent mappings of dog features to specific breed 

labels. More generally, hypotheses might include functions 

mapping features to a different set ὣᴂ. For example, they could 

be linear functions converting dog feature vectors into real 

numbers ὣ  ᴙ , where higher values indicate a stronger 

likelihood of belonging to a certain breed. 

Machine learning scenarios vary based on the types of training data accessible to the 

learner, the sequence and methodology of receiving training data, and the test data 

utilized to assess the learning algorithm. Figure 2-4 and Table 2-4 summarizes these 

scenarios: 

 

Figure 2-4: A quick look at some of the commonly used ML algorithms (Mahesh 2020). 

Table 2-4: Machine learning scenarios. 

Machine learning 

scenario 

Description 
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Supervised learning The learner is provided with a collection of 

labeled examples for training purposes and 

subsequently predicts outcomes for all new 

data points. This scenario is prevalent in 

classification, regression, and ranking tasks. 

Unsupervised learning The learner is given only unlabeled training 

data and must predict outcomes for all 

unseen points. Because labeled examples 

are generally unavailable in this context, it 

can be challenging to assess the learner's 

performance quantitatively. Clustering and 

dimensionality reduction represent examples 

of unsupervised learning problems. 

Semi-supervised learning The learner is given a training set comprising 

both labeled and unlabeled data and is 

tasked with predicting outcomes for unseen 

points. Semi-supervised learning is prevalent 

in situations where obtaining labels is costly, 

but unlabeled data is abundant. Various 

problems in applications, like classification, 

regression, or ranking tasks, can be tackled 

using semi-supervised learning. The aim is to 

leverage the distribution of available 

unlabeled data to improve performance 

compared to purely supervised learning.  

Transductive inference Like the semi-supervised setting, the learner 

is provided with a labeled training set 

alongside a collection of unlabeled test 

points. However, the goal of transductive 

inference is solely to predict labels for these 

specific test points. Transductive inference 
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seems to be a simpler task and aligns with 

scenarios found in various modern 

applications. 

On-line learning In the online scenario, training and testing 

happen together in many rounds. Each 

round, the learner gets a new unlabeled 

training point, guesses its label, sees the 

real label, and calculates a loss. The goal is 

to keep the total loss low over all rounds or 

to minimize regret, which is the difference 

between our total loss and what the best 

expert would have done. 

Unlike other scenarios, online learning does 

not assume anything about the data's 

distribution. In fact, the data and labels might 

be chosen to make learning harder. 

Reinforcement learning Training and testing phases are mixed 

together. The learner interacts with the 

environment, sometimes affecting it, and 

gets immediate rewards for each action 

taken. The learner's goal is to maximize 

these rewards over time through actions and 

interactions with the environment. However, 

the environment does not provide feedback 

on long-term rewards, and the learner faces 

a dilemma between exploration and 

exploitation. They must decide whether to try 

new actions to gather more information or to 

stick with actions that have worked well 

before. 



Ph.D. Thesis ς Hosna Geraei 
McMaster University ς Department of Mechanical Engineering 
 

24 
 

Active learning In active learning, the learner actively 

collects training examples by asking for 

labels from an oracle for new points. The aim 

is to reach a performance like standard 

supervised learning but with fewer labeled 

examples. Active learning is particularly 

useful in applications where obtaining labels 

is costly, such as in computational biology. 

 

Sarker (Sarker 2021) conducted an analysis, which reveals that the popularity of these 

learning approaches is steadily rising, as depicted in Figure 2-5, utilizing data gathered 

from Google Trends (ñGoogle Trends,ò n.d.) spanning the last few years. The x-axis of 

the figure denotes specific dates, while the corresponding popularity scores within the 

range of 0 to 100 are illustrated on the y-axis. According to Figure 2-5, the popularity 

scores for these learning types were relatively low in 2015 but have been consistently 

increasing since then.  

 

Figure 2-5:The popularity scores worldwide for different types of ML algorithms (supervised, 

unsupervised, semi-supervised, and reinforcement) are plotted over time, ranging from 0 (minimum) to 

100 (maximum). The x-axis indicates the timestamp information, while the y-axis represents the 

corresponding score (Sarker 2021). 

Machine learning centers around generalization (Ye 2022) (Mehryar Mohri, Afshin 

Rostamizadeh 2019). For instance, in standard supervised learning, a finite set of labeled 
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examples is utilized to accurately predict outcomes for unseen examples. This problem 

usually involves selecting a function from a hypothesis set, which is a subset of all 

possible functions. The chosen function is then applied to label all instances, including 

those unseen. 

How should one pick a hypothesis set?  A rich or complex set might allow the learner to 

select a function consistent with the training sample, one that makes no errors on it. On 

the other hand, a less complex set might lead to unavoidable errors in the training sample. 

Which leads to better generalization? The complexity of a hypothesis set plays a crucial 

role. Despite the best predictor on the training sample not always being the best overall, 

a predictor from a very complex family might memorize the data rather than generalize it 

(Mehryar Mohri, Afshin Rostamizadeh 2019). 

The trade-off between sample size and complexity is critical (Shamir, Sabato, and Tishby 

2010). A family that is too complex and has a relatively small sample size might lead to 

poor generalization, known as overfitting. Conversely, a family that is too simple might 

not achieve sufficient accuracy, which is termed underfitting (Figure 2-6). Variance in 

Figure 2-6  refers to how much a classifier's performance varies when trained on different 

sets of data. It indicates how much the classifier might be overly focused on a particular 

training set, potentially leading to overfitting. Essentially, variance helps understand how 

far the model deviates from the average performance of classifiers, even with the best 

possible model for the training data (Kilian Weinberger, n.d.). Bias in machine learning 

refers to the inherent error that remains in a classifier, even if it is trained with an infinite 

amount of data. This error occurs because the classifier tends to favor a particular type 

of solution, like a linear classifier, over others. In simpler terms, bias is a fundamental trait 

of the model itself (Kilian Weinberger, n.d.). 
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Figure 2-6: Bias-Variance tradeoff in machine learning  (Ye 2022). 

Cross-validation (Arlot and Celisse 2010) (Wong and Yeh 2020) is a technique used to 

evaluate how well a predictive model can generalize to unseen data and to prevent it from 

memorizing the training data too closely (overfitting). By dividing the dataset into multiple 

subsets and iteratively training the model on some of them while testing it on others, two 

types of errors can be calculated: the training error, which shows how well the model fits 

the training data, and the test error, which estimates how accurately the model will 

perform on new, unseen data. It is important to note that the training error tends to be 

lower than the test error because it is based on the same data used for training, while the 

test error gives a better indication of the model's true predictive ability. 

In k-fold cross-validation, the dataset is split into Ὧ equal-sized subsets or folds. Each fold 

takes its turn as the validation set, while the others are used for training. This process 

repeats until each fold has been used for validation. This approach can be generalized 

by denoting the model trained on all but the Ὧ  subset as ᾪ . The predicted value for a 

data point in the Ὧ subset is then calculated using this model. The cross-validated 

estimate of the prediction error, ᶰ , is obtained from these predicted values (Berrar 

2019): 

ᶰ
ρ

ὲ
flώȟᾪ ὼ  (1-5) 
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Where fl is the loss function, ὼ is the  Ὥ  dataset, and  ώ is the predicted class label for 

the case ὼ.  

Numerous classification algorithms have been introduced within the context of machine 

learning and data science literature. Figure 2-7 shows the working flowchart of supervised 

classification models (Sen, Hajra, and Ghosh 2020). Subsequently, Table 2-5 

summarizes and briefly explains the most prevalent methods across diverse application 

domains (Sarker 2021): 

 

Figure 2-7: Working flowchart of a supervised classification model (Sen, Hajra, and Ghosh 2020). 

Table 2-5: Most common classification algorithms that are used widely in various application areas. 

Classification algorithm Description 

Naive Bayes (NB) The naive Bayes algorithm, rooted in 

Bayesô theorem with the assumption of 

feature independence (Sarker 2021)), 

demonstrates versatility in handling 
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both binary and multi-class categories 

across various real-world scenarios 

(ñAFIT Data Science Lab R 

Programming Guide,ò n.d.). The Naive 

Bayes classifier calculates probabilities 

for each case and then predicts the 

outcome with the highest probability 

(Sen, Hajra, and Ghosh 2020). These 

classifiers efficiently handle both 

continuous and categorical variables, 

regardless of the number of variables 

involved.  

Linear Discriminant Analysis (LDA) 

 

LDA, originally proposed by R. Fisher, 

is a key method in data analysis used to 

distinguish between various clusters. It 

aims to identify a lower-dimensional 

subspace compared to the original data 

sample, where the data points from the 

original problem can be effectively 

separated. A primary advantage of LDA 

is its ability to find a solution by solving 

a generalized eigenvalue system, 

enabling rapid and efficient processing 

of large datasets (Sen, Hajra, and 

Ghosh 2020). 

Logistic regression (LR) LR builds a statistical model to predict a 

binary dependent variable, where the 

data is encoded as 1 for success and 0 

for failure. The algorithm is typically 

utilized to forecast the probability of the 

variable. Put simply, the model 
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generates a variable, let's call it P, as a 

function of another dependent variable, 

X (Sen, Hajra, and Ghosh 2020). 

K-nearest neighbors (KNN) 

 

 

The KNN algorithm begins by selecting 

an appropriate value for "K." Next, it 

selects "K" nearest neighbors to the 

new data point needing classification. 

Typically, these neighbors are chosen 

based on the ascending order of the 

squares of their distances from the 

required data point. The required data 

point is then classified into one of the 

classes based on which class has a 

greater number of neighbors in 

proximity to the data point (Sen, Hajra, 

and Ghosh 2020). 

Support vector machine (SVM) 

 

The dataset comprises items or 

records, each characterized by "n" 

features, plotted as points in an n-

dimensional space. Within this space, 

classes are separated by a hyperplane, 

representing the widest possible 

margin. Each data item in this space is 

then mapped to predict its category 

based on its position relative to the 

hyperplane. The coordinates of these 

data items are termed "support 

vectors." While the manual addition of 
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attributes to create a hyperplane may 

seem necessary, it is not always the 

case. Instead, the algorithm employs a 

technique called "kernel trick." Kernels 

are a set of functions that transform the 

input space from low-dimensional to 

higher-dimensional, making complex 

data transformations. In essence, this 

technique converts non-separable 

problems into separable ones. 

Subsequently, it determines the 

procedure to segregate the data 

according to the defined labels (Sen, 

Hajra, and Ghosh 2020). 

Decision tree (DT) 

 

At each stage of its operation, a 

decision tree evaluates various 

alternatives and selects the most 

pertinent ones. It is a mathematical 

model employed for decision-making, 

utilizing estimates and probabilities to 

forecast probable outcomes and 

determine if the resulting decision yields 

a favorable net gain. In this model, 

inputs consist of objects defined by a 

set of features, and the output is a 

decision corresponding to each input. 

Within the tree structure, internal nodes 

assess attributes, while each node is 

designated with a classification. Here's 

an example illustrating the structure of 
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a decision tree (Sen, Hajra, and Ghosh 

2020). 

Random forest (RF) 

 

Random forest, a supervised learning 

approach, employs random decision 

trees alongside classification and 

regression tasks. It functions by 

generating multiple layers of decision 

trees during training and produces the 

classes or mean predictions from each 

tree. The overall probability is then 

computed by aggregating the 

probabilities from all decision trees. 

This method is particularly suited for 

datasets with high dimensionality, 

characterized by non-stationary and 

highly noisy individual variables (Sen, 

Hajra, and Ghosh 2020). 

 

Singh et al. (Singh, Thakur, and Sharma 2016) conducted a review of supervised machine 

learning algorithms, summarizing the pros and cons of each model and the typical areas 

of their application. The findings are summarized in Table 2-6. 
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Table 2-6: Pros-Cons and applications of supervised ML classification algorithm  (Singh, Thakur, and 

Sharma 2016). 

 

 

2.3.1 Deep Learning  

Deep Learning (DL), falling within the realm of machine learning, is characterized by 

neural networks containing numerous layers and parameters. Most deep learning 
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approaches employ neural network structures, thus earning the designation of deep 

neural networks (Shinde and Shah 2018). DL encompasses a range of neural network 

architectures, with neurons as its basic units, which are interconnected according to the 

network's architecture. Essentially, DL is represented by deep feed-forward neural 

networks with multiple layers. Figure 2-8 illustrates a simple one-hidden-layer neural 

network, while Figure 2-10 and Equation (1-6) detail the output of each node, 

incorporating the activation function • , weights ύȟ , layer number ὲ, and bias 

ὦ . Activation functions, such as the sigmoid function (described in Equation (1-7), 

can be linear or nonlinear. Feedforward networks derive their name from how output is 

computed from input: each subsequent layer's nodes calculate their output using 

Equation (1-6), starting from the input layer. To assess neural network performance, a 

loss/cost function, like Mean Square Error (MSE), is commonly utilized like Equation (1-

8). 

ὔέὨὩ ὼ • ύȟὼ ὦ  (1-6) 

•ὤ
ρ

ρ Ὡ
 (1-7) 

Ὁὶὶέὶ
ρ

ὲ
ώ ὸὥὶὫὩὸ (1-8) 

 

 

Figure 2-8: One hidden layer Feedforward Neural Network (Ismail 2019a). 
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Figure 2-9: Output of a single node (Ismail 2019a). 

Table 2-7 shows the overview of deep learning algorithms. 

In brief, deep learning employs a sequence of multiple layers of nonlinear processing 

units to extract and transform features (Shinde and Shah 2018). The initial layers, situated 

near the input data, acquire elementary features, while subsequent layers learn 

increasingly intricate features built upon those from the lower layers. This hierarchical 

architecture fosters a potent representation of features. Consequently, deep learning is 

adept at analyzing and extracting valuable insights from vast volumes of data, including 

data from diverse sources (Shinde and Shah 2018). 

Table 2-7: Overview of deep learning (Shinde and Shah 2018). 

Algorithm  Description  

Self-organizing neural networks (1980) Neural network researchers have been 

consistently advancing the field by 

introducing new developments. Initially, Self-

organizing neural networks (1980) were 

employed to group input patterns into 

clusters of similar patterns. These networks, 

known as "maps," establish a topological 

structure among their cluster units, 

effectively mapping weights to input data. 

The Kohonen network introduces the 
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principles of self-organization and 

unsupervised learning. 

Restricted Boltzmann Machine (mid-2000) A Restricted Boltzmann Machine (RBM) is 

an artificial neural network characterized by 

its generative stochastic nature, capable of 

learning a probability distribution over its 

input set. It gained popularity after Geoffrey 

Hinton and collaborators developed rapid 

learning algorithms for it. 

Recurrent Neural Networks (1986) Recurrent Neural Networks (RNNs) are 

valuable for retrieving a stored pattern from 

a corrupted version and serve as precursors 

to Boltzmann machines and auto-encoders. 

Michael Jordan introduced Jordan networks 

as an early architecture for supervised 

learning on sequences. 

Convolutional Neural Network (1998) The inaugural Convolutional Neural Network 

(CNN), known as the LeNet architecture, 

was initially presented by LeCun et al. in their 

paper "Gradient-Based Learning applied to 

document recognition" in 1998. Primarily 

utilized for Optical Character Recognition 

(OCR) and character identification within 

documents. 

Long Short-Term Memory (1997) The Long Short-Term Memory (LSTM) 

model was introduced by Hochreiter and 

Schmidhuber. LSTM can learn to bridge 

significant time lags surpassing 1000 

discrete time steps by ensuring consistent 

error flow through specialized units called 

"constant error carousels." Multiplicative 
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gate units within LSTM learn to regulate the 

access to this constant error flow, making it 

effective in capturing long-term 

dependencies.  

 

2.3.2 Current Trends and Future Directions of Machine Learning 

1) Kolmogorov-Arnold Network (KAN) 

Multi-Layer Perceptron (MLP), alternatively referred to as fully connected feedforward 

neural networks, serve as the cornerstone elements in contemporary deep learning 

architectures. Kolmogorov-Arnold Networks (KANs), inspired by the Kolmogorov-Arnold 

representation theorem, offer a promising alternative to MLP (Z. Liu et al. 2024). Unlike 

MLPs, which have fixed activation functions on nodes, KANs feature learnable activation 

functions on edges, replacing linear weights with spline parametrized functions (see 

Figure 2-10). This simple modification enables KANs to outperform MLPs in accuracy and 

interpretability. Smaller KANs can achieve comparable or better accuracy than larger 

MLPs in data fitting, with faster neural scaling laws.  

 

Figure 2-10: Multi-Layer Perceptrons (MLPs) vs. Kolmogorov-Arnold Networks (KANs) (Z. Liu et al. 2024). 
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2) Domain adaptation and transfer learning 

In machine learning, unbiased training data leads to accurate predictions, while biased 

data causes disparities between training and test distributions. Domain adaptation and 

transfer learning tackle these issues, aiming to generalize classifiers across different 

domains. Various approaches exist for handling dataset shifts (Zhuang et al. 2021). 

Current domain adaptation methodologies can be broadly divided into two categories 

based on their architectural depth: shallow and deep approaches. Shallow domain 

adaptation strategies predominantly employ instance-based and feature-based 

techniques (Gretton et al. 2013; Gopalan, Li, and Chellappa 2011) to align domain 

distributions. One common method involves minimizing the discrepancy between 

domains, utilizing distance metrics such as maximum mean discrepancy (MMD), 

Wasserstein metric, correlation alignment (CORAL) (Sun, Feng, and Saenko 2017), and 

contrastive domain discrepancy (CDD). In contrast, deep domain adaptation methods 

(Ganin and Lempitsky 2015) leverage neural networks. These methods typically utilize 

convolutional, autoencoder, or adversarial networks to mitigate domain disparities. Some 

approaches in this category may also incorporate distance metrics in one or multiple 

layers of two networksðone for source data and one for target dataðto assess the 

divergence between feature representations at corresponding layers (Stahlbock et al. 

2021). 

Transfer learning can be categorized using various criteria (Zhuang et al. 2021). For 

instance, one classification divides transfer learning problems into transductive, inductive, 

and unsupervised categories (Pan and Yang 2009), with detailed definitions provided in 

the same source. These categories can be understood concerning label availability. 

Transductive transfer learning applies when label information solely originates from the 

source domain. Conversely, inductive transfer learning occurs when label information is 

accessible for target-domain instances. Unsupervised transfer learning arises when label 

information is absent for both domains. Another classification criterion concerns the 

consistency between the source and target feature spaces and label spaces. 

Transfer learning methods can be classified into four main groups (Zhuang et al. 2021): 

instance-based, feature-based, parameter-based, and relational-based approaches. 

Instance-based transfer learning relies on instance weighting strategies. Feature-based 
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approaches involve transforming original features into new representations and can be 

further categorized into asymmetric and symmetric approaches. Asymmetric methods 

adjust source features to match target ones, while symmetric approaches seek a shared 

latent feature space before transforming both source and target features. Parameter-

based transfer learning operates at the model/parameter level. Relational-based transfer 

learning concentrates on relational domain issues, transferring logical relationships or 

rules learned in the source domain to the target domain. To illustrate these categories 

visually, refer to Figure 2-11 for a clearer understanding of transfer learning 

categorizations. 

 

Figure 2-11: Categorizations of transfer learning (Zhuang et al. 2021). 

3) Quantum machine learning 

ML utilizes previous experience to develop models, which are applied in diverse fields 

like natural language processing and medical diagnostics, often involving matrix 

operations executed with linear algebra. Quantum Computing, merging computer 

science, math, and physics, explores leveraging quantum bits (qubits) to handle large 

matrices efficiently, potentially revolutionizing traditional machine learning by solving 

complex problems beyond the reach of classical computers, as qubits can represent 0 

and 1 simultaneously (Zeguendry, Jarir, and Quafafou 2023). Figure 2-12 depicts the 

processing methodologies employed in conventional machine learning and Quantum 

Machine Learning (QML). In traditional machine learning, data serves as a direct input to 

the algorithm, which proceeds to analyze the data and produce an output. In contrast, 
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QML requires the initial encoding of data into quantum format. It operates by receiving 

quantum data as input, processing it, and producing quantum data as output. 

Subsequently, the quantum data is transformed back into conventional data. 

 

Figure 2-12: Processing methodologies in traditional machine learning and quantum machine learning 

(Zeguendry, Jarir, and Quafafou 2023). 

2.3.3 Machine Learning in Fault Detection and Diagnosis 

Intelligent fault diagnosis (IFD) applies machine learning principles to diagnose machine 

faults (Lei et al. 2020). These methods employ machine learning principles to dynamically 

acquire machine diagnosis knowledge from collected data, bypassing the need for 

engineers' expertise. Specifically, IFD endeavors to construct diagnostic models capable 

of autonomously establishing connections between collected data and machine health 

states. In recent years, IFD has garnered significant attention from both academic 

researchers and industrial engineers, driven by advancements in machine learning. A 
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notable surge in publications related to IFD is observed based on Web of Science search 

results, as depicted in Figure 2-13 (Lei et al. 2020).  

 

Figure 2-13: Progression and key achievements in applying machine learning to intelligent fault diagnosis 

(IFD) (Lei et al. 2020). 

As machine learning theories advance, IFD increasingly reduces reliance on human labor 

by automatically identifying machine health states from historical to present data, with 

future applications expected in engineering scenarios (Lei et al. 2020). work suggests 

future applications in engineering scenarios. Towards the end of their study, they outline 

a roadmap and address forthcoming challenges in IFD, as illustrated in Figure 2-14, 
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aiming to guide readers in anticipating potential trends in this field over the next five to 

ten years. 
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Figure 2-14: Roadmap of applications of machine learning to machine fault diagnosis reproduced from 

(Lei et al. 2020). 

2.4 Multivariable Analysis, Multivariate Statistics, and Latent Variable 

Approaches 

In signal-based methodologies, statistical models for characterization are frequently 

employed. In more advanced scenarios, these models are utilized jointly with multiple 

measurements and sensors. The integration of multi-sensory measurements must 

possess the capability to detect and isolate measurements exhibiting indications of faults. 

This task is accomplished through either multi-variable techniques or multi-variate 

statistics (MV) (Ismail 2015). 

The primary disparity between these approaches lies in their treatment of variables. While 

the former considers variables in isolation, the latter method acknowledges their 

interrelation through cross-correlation. Despite its heightened complexity, the latter 

method offers superior accuracy by delving into the interdependence among various 

measurements. This enhanced accuracy stems from the recognition of variable 

dependencies, which unveils deeper insights into the system (Ismail 2015). 

In multivariate statistics, various methods are used to (1) understand data distributions 

and (2) derive relevant statistical indices. An example is Multivariate Analysis of 

Covariance (MANCOVA), which handles variable interdependencies. When 

measurements show strong dependence and limited clarity due to cross-correlation, 

addressing cross-correlation with separation techniques becomes essential. (Ismail 

2015). 

The Principale Components Analysis (PCA) technique is proficient in resolving cross-

correlation, particularly when information regarding the mixing of these signals is lacking 

(Ismail 2015). 

Latent variable models, represented by Equations (1-9) and (1-10) (Kourti 2005), are 

applied to historical process data comprising an ὲ×Ὧ matrix of process variable 

measurements ὢ and a corresponding ὲ×ά matrix of product quality data ὣ. These 

equations depict: 
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ὢ Ὕὖ Ὁ         ρ ω 

ὣ Ὕὗ Ὂ          ρ ρπ 

Here, Ὁ and Ὂ represent error terms, Ὕ is an ὲ×ὃ matrix of latent variable scores, and ὖ 

(Ὧ×ὃ) and ὗ(ά×ὃ) are loading matrices indicating the relationship between the latent 

variables and the original ὢ and ὣ variables. These models assume that both the process 

and product data spaces are observed with error and that both are effectively of very low 

dimension. 

Reference (Burnham, Viveros, and Macgregor 1996) provides an in-depth exploration of 

various latent variable methods. Principal component analysis (PCA), for instance, 

focuses on modeling a single space (either ὢ or ὣ) by identifying latent variables that 

account for the highest variance. 

2.5 Fusion or Integration Technologies 

In an automated health management system, fusion technologies play a significant role 

across various domains, as depicted in Figure 2-15. Initially, at a basic level, data fusion 

integrates data from multiple sensors to validate signals and generate features. For 

instance, combining speed and vibration signals can produce synchronized averaged 

vibration features (Goodfellow, Bengio, and Courville 2016). 

 

Figure 2-15: Fusion application areas (Goodfellow, Bengio, and Courville 2016). 
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Moving to a higher level, fusion techniques merge features intelligently to enhance 

diagnostic accuracy. For instance, combining particle count and size data from a bearing's 

lubrication oil with vibration features like kurtosis can provide a more reliable assessment 

of the bearing's condition (Goodfellow, Bengio, and Courville 2016). 

Furthermore, knowledge fusion integrates experience-based information, such as 

historical failure rates or physical model predictions, with signal-based data (Goodfellow, 

Bengio, and Courville 2016). 

However, a significant concern with fusion techniques is the risk of producing a fused 

system that underperforms compared to individual tools. This occurs because inaccurate 

estimates can undermine more accurate ones. To address this concern, it is essential to 

assign weights to tools based on their capabilities and performance beforehand. The 

extent of prior knowledge depends on the understanding of the physical system and 

practical experience gained from its operation history. The optimal knowledge fusion 

process for a specific application should be chosen based on the characteristics of the 

available prior system information (Goodfellow, Bengio, and Courville 2016).  

Figure 2-16 presents the most commonly employed algorithms found in the literature, 

along with their summarized advantages and limitations. 
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Figure 2-16: Summary of advantages and limitations of some fusion methods and algorithms (Luo and 

Chang 2012). 

2.6 Frequency and Time-Frequency FDD Techniques 

In rotating systems, all occurrences, including faults, happen repetitively and exhibit cyclic 

patterns in measurements. This is why numerous Fault Detection and Diagnosis (FDD) 

techniques employ frequency analysis.  

There are mainly three valuable techniques for analyzing the operating condition and for 

extracting useful information from signals (Z. Zhang, Wang, and Wang 2013): time 

domain (C.-C. Wang et al. 2010), frequency domain (Corinthios 1971), and time-

frequency domain. Signal processing with Fast Fourier Transform (FFT) is a widely used 

technique in condition monitoring (Ghaderi and Kabiri 2012). FFT allows one to examine 

the different constitutive frequency components of a signal and relate these to the system 

operating conditions. A Discrete Fourier Transform (DFT) can be calculated in a few 

different ways, including solving simultaneous linear equations (Smith and others 1997). 

In its most basic form, the Fast Fourier transform (FFT) implements the Discrete Fourier 

transform (DFT) (Brunton and Kutz 2019; Rao, Kim, and Hwang 2010). DFT converts a 
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sequence ὼὲ to a frequency domain representation. DFT can be described as follows 

(Rao, Kim, and Hwang 2010).  

 

ὢ Ὧ ὼὲὡ ȟ   Ὧ πȟρȟȣȟὔ ρȟ 
(1-11) 

ὡ ÅØÐ
Ὦς“

ὔ
 

(1-12) 

Ὦ Ѝ ρ (1-13) 

ὡ ÅØÐ
Ὦς“

ὔ
Ὧὲ 

(1-14) 

Where ὼὲ, ὲ πȟρȟȣȟὔ ρ represents a uniform sampled sequence. the ὔ-th root of 

unity is ὡ ÅØÐ , and the Ὧ-th DFT coeficient is ὢ ὯȟὯ πȟρȟȣȟὔ ρȢ Charles 

et al. (Charles et al. 2009)(Charles et al. 2009)applied the Instantaneous Angular Speed 

(IAS) time waveform and FFT analysis on a 16-cylinder engine. According to the results, 

the IAS spectrum could distinguish between healthy and faulty combustion (misfire) in the 

engine, but the difference was not noticeable enough to distinguish the two (Figure 

2-17).  Nevertheless, reliable condition monitoring is essential, as it should identify faults 

and find out their locations as well (Charles et al. 2009).  
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Figure 2-17: Spectral analysis of raw signals from speed encoders for a healthy 16-

cylinder engine and a faulty one (Charles et al. 2009). 

 So, despite its strength, FFT has some disadvantages. The major drawback is the 

assumption that the system must be stationary. Hence, the system keeps repeating the 

same cycles. In the context of ICEs, this means no variation (or, more precisely, non-

cyclic variation) in speed or load.  

The Fourier transform may not capture small changes, and the analysis may change 

based on the length of the data (Akin 2002). An effective solution for these drawbacks 

has been discovered in Wavelets. Wavelet scaling and shifting are responsible for this 

success (Akin 2002). An additional advantage of wavelet transforms is the three-

dimensional representation of signals in amplitude, frequency, and time. In 1909, Alfred 

Haar published a thesis that included the term "wavelet." Jean Morlet was the first to 

introduce wavelets in their current theoretical form. In wavelet transformations, a signal is 

decomposed into wavelets, which are the basis functions of the signal. They are 

generated from one prototype wavelet, called the mother wavelet (Akin 2002). There are 

two types of wavelet transforms: continuous and discrete. Wavelet transform basis for 

time and frequency domains is defined as below (Akansu, Serdijn, and Selesnick 2010): 

‪ ὸ
ρ

Ѝὥ
‪
ὸ ὦ

ὥ
 

(1-15) 

Where ‪ὸ is the mother wavelet or wavelet kernel, and by modifying the values of ὥ and 

ὦ, scale and translation are achieved. In order to generate children's wavelets, the mother 

wavelet must be scaled and translated (Ismail 2015). Mathematically, the Continuous 

Wavelet Transform (CWT) of Ὢὸ is defined as follows (Prabhakar, Mohanty, and Sekhar 

2002): 

ὅὡὝὥȟὦ
ρ

ȿὥȿ
Ὢὸ‪

ὸ ὦ

ὥ
Ὠὸ 

(1-16) 

The Discrete Wavelet Transform (DWT) comes from discretizing CWT, and the most 

common discretization is dyadic, as follows (Prabhakar, Mohanty, and Sekhar 2002): 
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ὈὡὝὮȟὯ
ρ

Ѝς
Ὢὸ‪

ὸ ςὯ

ς
Ὠὸ 

(1-17) 

Where, ὥ ς, Ὧ , and Ὦ is an integer.  

Chang et al. (Chang, Kim, and Min 2002)) showed that the wavelet analysis has higher 

accuracy (about 95%) for detecting misfires in a 4-cylinder gasoline engine than FFT. 

Figure 2-18 compares FFT and CWT methods for processing vibration signals for normal 

and misfire conditions at an engine speed of 2000 rpm. In the FFT results, it can be seen 

that normal and misfire cycles have some differences, but there is no frequency 

component to distinguish them. CWT's results show a clear difference between normal 

and misfire conditions. Pseudocolour mapping is used to describe the intensity, with a 

color legend on the right side, based on a horizontal axis indicating crank angle (in 

degrees) and a vertical axis indicating wavelet scale.  

 

Figure 2-18: Comparison of FFT and CWT during normal and misfire cycles: (a) 

averaged FFT results; (b) averaged CWT (Chang, Kim, and Min 2002). 

However, CWT requires a long run to use because its operands are so large (Wu and Liu 

2009). By decomposing the original complex signal into several resolutions, DWT is able 

to improve the drawbacks of CWT. Nevertheless, The DWT is ineffective for analyzing 

signals that contain much higher frequencies. In Figure 2-19, the output for a 128-sample 

signal is shown with DWT reducing the length at each level. As shown in Table 2-8, the 

signal is broken down into frequency levels, and the sample size is reduced at each level. 

Also, As the levels rise, the frequency width ῳὪ narrows. In other words, lower 
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frequencies have narrower frequency widths, while higher frequencies have wider 

frequency widths. FDD applications, where the high-frequency content of the signal is rich 

in information, would not benefit from this configuration. In this case, Wavelet Packet 

Transformation (WPT) would be a more appropriate option. 

 

Table 2-8: DWT of 128 samples signal (Ismail 2015). 

Level Frequencies ȹf Samples 

1 Ὂ τϳ  to Ὂ ςϳ  Ὂ τϳ  φτ 

2 Ὂ ψϳ  to Ὂ τϳ  Ὂ ψϳ  σς 

3 Ὂ ρφϳ   to Ὂ ψϳ  Ὂ ρφϳ  ρφ 

 

 

Figure 2-19: DWT of 128 samples signal (Ismail 2015). 

Figure 2-20 shows the difference between WPT and DWT. High and low pass filters are 

used in WPT to break down both the output of high pass filters and low pass filters. In 

contrast, DWT only breaks down the output of the low-pass filter. On the other hand, the 

frequency width of all frequency bands of level 3 is  ɝÆ Ὂ ρφϳ  when WPT is applied to 

the the signal described in Figure 2-19 and Table 2-8. 
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Figure 2-20: WPT of 128 samples signal (Ismail 2015). 

Wu et al. (Wu and Liu 2009) presented an FDD approach based on WPT analysis 

combined with a neural network for Mitsubishi V-type and six-cylinder gasoline engines 

in different working conditions. They used an optical encoder and a microphone to collect 

data. Six states are designed for running the engine: healthy, air leakage of the intake 

manifold, camshaft sensor fault, electronic control thermal sensor fault, one and two 

cylinder misfiring. Tests are conducted under idle conditions, and the engine accelerates 

from idle to 3500 rpm. Figure 2-21 shows the recognition rate of run-up conditions using 

both Back-Propagation Network (BPN) and Generalized Regression Neural Network 

(GRNN) algorithms. All recognition rates are above 95%. So, the results confirm that WPT 

is a powerful tool for FDD in ICEs. 
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Figure 2-21: Fault recognition rates using different mother wavelets to construct WPT in 

the run-up (the engine accelerated from idle to 3500 rpm) with various engine fault 

conditions (Wu and Liu 2009). 

In spite of the successes of wavelet transforms in diagnosing mechanical faults, the 

effectiveness of wavelet transforms is limited by a few inevitabilities (J. Chen et al. 2016). 

DWT, CWT, and WPT can only extract features with a single wavelet basis, which is 

inadequate for the diagnosis of compound rotating machinery faults. Engineering practice 

mightily indicates that the complex and connected nature of rotating machinery's 

structures leads to the emergence of a compound fault when a fault occurs.  

Kingsbury (N. Kingsbury 2000; N. G. Kingsbury 1998) proposed that Dual-Tree Complex 

Wavelet Transform (DTCWT) improves shift sensitivity and reduces frequency aliasing 

by using two wavelet bases, which can extract two related features simultaneously. 

Moreover, Donovan et al. (Chui and Lian 1996; Donovan et al. 1996) proposed 

Multiwavelet Transform (MT) as a newer development in the theory of wavelet 

transformations. A multiwavelet is a new development of wavelet theory, which means 

that the wavelet basis is generated by a combination of two or more mother wavelets (J. 

Chen et al. 2016). This multiwavelet approach enables multi-resolution analysis and 

controls several important properties that cannot be found in traditional scalar wavelets: 

orthogonality, symmetry, compact support, and higher vanishing moments (J. Chen et al. 

2016). The use of multiple wavelet basis for multiwavelet transform when extracting 

complex features with multiple shapes during rotating machinery fault diagnosis has more 

obvious advantages than the use of traditional wavelet transform (J. Chen et al. 2016). 

Finally, the super wavelet transform, as an important prospect of WT, is proposed to 

improve the current status of engineering applications (J. Chen et al. 2016). Super 

wavelet transforms are characterized by two key characteristics: first, highly flexible 

multiple wavelet basis functions; second, shifting-invariant and self-organizing wavelet 

transform scheme (J. Chen et al. 2016). 

It can be inferred from the above descriptions that wavelet transforms have been 

successfully applied in FDD. Different types of wavelet transforms are compared in Table 

2-9. 
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Table 2-9: The comparisons of different wavelet transform methods (J. Chen et al. 

2016). 

Methods Advantages Disadvantages 

CWT Diversity of transformation schemes and a wide 

variety of basis functions 

Inefficient computation, 

using fixed and single 

wavelet basis 

DWT Diversity of transformation schemes and a wide 

variety of basis functions, computations are 

performed more efficiently. 

Using fixed and single 

wavelet basis. 

WPT Diversity of transformation schemes and a wide 

variety of basis functions, Combined analysis of 

high- and low-frequency bands 

Using fixed and single 

wavelet basis. 

DTCWT Eliminating frequency aliasing by use of two 

different wavelet bases 

Using a fixed wavelet basis 

MT Eliminating frequency aliasing by use of two or more 

different wavelet bases 

Using a fixed wavelet basis 

Super 

wavelets 

transform  

When two or more adaptive wavelet bases are used 

to extract features from a signal, they have the best 

correlation with each other. 

Inefficient computation 

 

2.7 PCA-based Multivariate Statistical Process Control (MSPCA) 

Principal Component Analysis (PCA) is amongst the most practical approaches for 

analyzing data to obtain information. Through diagonalizing the covariance matrix, PCA 

transforms the data matrix in the most optimal statistical way, discovering the 

relationships and cross-correlations among the data variables (Bakshi 1998a)(Bakshi 

1998a). If the measured variables have linear relationships and errors, the first few 

components describe the relationship between the variables, while the rest are based on 

the errors (Bakshi 1998a). Thus, removing the less relevant components will yield fewer 

errors in the measurements and a more compact representation.  As a data analysis 
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method, PCA is widely used to reduce the dimensionality of data matrices and capture 

underlying variations and relationships among variables (Bakshi 1998a).   

Geometrically, suppose a set of dependent measurements has n variables and m 

measurements for each variable, and the measurements are expressed as a matrix 

ὢ ὼȟȣȟὼ . According to PCA, converting a set of dependent measurements into 

a set of independent measurements is done by applying orthogonal transformations 

(Ismail 2019b): 

Ὕ ὢὖ (1-18) 

P called the Principal Components Loading matrix, transforms ὢ into Principal 

Components or Principal Component scores when multiplied by ὢ (Ismail 2019b). Matrix 

Ὕ has ὲ columns and m rows, and each column represents a single measurement of ὸ 

for a single variable. A mapping of the measured values to orthogonal axes provides a 

geometric representation of the transformation in Equation 1. The visual representation 

of this concept can be seen in Figure 2-22, where ὼ, ὼ represent the inputs and ὸ, ὸ 

represent the output Principal Components (PC). PCs are orthogonal in Figure 2-22, and 

the variance of the ὸ axis is greater than the variance of the ὸ axis. ὸ and ὸ are 

orthogonal if they are both uncorrelated. Each of these components corresponds to a 

different event. This allows FDD to detect faults better if any main events/characteristics 

change (Ismail 2019b). The variance of ὸ in Figure 2-22 is higher, meaning that ὸ 

contains more information about the system than ὸ. 

 

Figure 2-22: Principal Components Analysis (Jehan 2005). 

For the determination of matrix Ὕ, it is necessary to use an appropriate transformation 

matrix ὖ. Here is a sample covariance matrix for transformation matrix Ὕ: 
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 „
ρ

ὲ ρ
ὝὝ           

ρ

ὲ ρ
ὢὖὢὖ 

 
ρ

ὲ ρ
ὖ ὢὢὖ 

 

(1-19) 

ὢὢ is a symmetric matrix so that it could be decomposed into its eigenvalues and 

eigenvectors: 

Ὓ ὢὢ ὄ‗ὄ  (1-20) 

Where ὄ contains eigenvectors, and ‗ contains eigenvalues. Since ‗ and „ both are 

diagonal, and ὄ is orthogonal: 

„
ρ

ὲ ρ
‗ 

(1-21) 

PCA is One of the primary uses of Singular Value Decomposition (SVD), which is a way 

to represent high-dimensional correlated data [20][21]. It is possible to determine the 

eigenvectors without exposing the equation to numerical errors using SVD. It analyzes a 

matrix by factoring it into singular vectors and singular values (Goodfellow et al. 2016). 

Real matrices all have singular value decomposition, but eigenvalue decomposition is not 

true for all of them. Matrices that are not square do not have defined eigen 

decompositions and require a singular value decomposition (Goodfellow et al. 2016). It is 

possible to rewrite ὢ as follows by determining the matrix ὠ of eigenvectors and „, the 

vector of eigenvalues of the matrix ὢ (Goodfellow et al. 2016): 

ὢ ὠ ὨὭὥὫ„ὠ  (1-22) 

The singular value decomposition is the same. Instead of writing ὢ as one matrix, it can 

be written as three (Goodfellow et al. 2016): 

ὢ Ὗ„ὠ (1-23) 

Assuming that ὢ is an ά ὲ matrix, and ὠ is an ὲ ά matrix. Ὗ and ὠ are defined as 

orthogonal matrices. The matrix „ is a diagonal matrix. It should be noted that „ is not 

necessarily square. 
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As the diagonal of „ is known, the elements along the diagonal are known as the singular 

values of matrix ὢ. The columns of Ὗ are referred to as the left-singular vectors. The 

columns of ὠ are referred to as the right-singular vectors (Goodfellow et al. 2016). The 

left-singular vectors of ὢare the eigenvectors of ὢὢ. The right-singular vectors of ὢ are 

eigenvectors of ὢὢ. Singular values of ὢ that are nonzero are the square roots of the 

eigenvalues of ὢὢ. Likewise, ὢὢhas the same characteristics (Goodfellow et al. 2016). 

In 2019, Stief et al. (Stief et al. 2019) suggested a two-stage Bayesian technique (local 

and global) paired with PCA for diagnosing mechanical and electrical defects in induction 

motors running under fluctuating loads and environmental conditions. Faults in the stator, 

rotor, and bearings are all evaluated. Acoustic, electric, and vibration signals captured 

from an experimental system are used to extract features. PCA is used to lessen the 

influence of load circumstances by removing correlations found in the extracted 

characteristics. The principal components of the features are fused with a Gaussian Naive 

Bayes (GNB) classifier at the local Bayesian stage. Results show that the algorithm 

diagnosed stator defects, broken rotor bar faults, and bearing faults in induction motors 

with a low percentage of false and missed alarms. However, the model failed to 

distinguish between different severity levels of the same fault condition. 

Statistical process control (SPC) principles and methodologies have become crucial in 

the manufacturing and process industries. Their purpose is to track the performance of 

the process over time to ensure that it remains in a "state of statistical control" (J F 

MacGregor and Kourti 1995a)(Villalba, Sanchis, and Ferrer 2019). Certain process or 

product variables are said to be under this level of control if they remain close to their 

desired values (J F MacGregor and Kourti 1995a). Traditional Multivariate Statistical 

Process Control (MSPC) systems are concerned with the process mean's stability. They 

are built using Hotelling's Ὕ  statistic and the original K registered (typically product quality 

or dimension) variables. 

Ὕ ᾀ ‘ Ὓ ᾀ ‘ (1-24) 

Where Ὓ is an estimate of the in-control covariance matrix  , ᾀ is a vector of 

measurements, and ‘ is the in-control mean vector. This method evaluates if the 
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process's mean ‘ stays under the assumption that ᾀͯὔ ‘ȟ  (assuming a constant 

covariance matrix)(Villalba, Sanchis, and Ferrer 2019). 

Even though traditional MSPC is statistically accurate, it lacks validity in data-rich 

situations like those seen in modern processes. The major problem is that Hotelling's Ὕ  

statistics in the original data space require the inversion of the calculated covariance 

matrix Ὓ, as stated in equation 1. The number of multivariate observations or samples (ὔ) 

must be greater than the number of variables (ὑ) to prevent inversion difficulties and the 

covariance matrix Ὓ must be well-conditioned (slightly correlated variables). Furthermore, 

to calculate Hotelling's Ὕ   statistic for any sample, complete data (no missing values) is 

required. These prerequisites, however, are not met in highly automated processes. In 

statistics, latent variables are variables that are not observed directly but are derived from 

other observed variables through a mathematical model. PCA and other multivariate 

statistical projection methods are used to reduce the dimensionality of the monitoring 

space by projecting the characteristics of the original variables down onto low-

dimensional subspaces represented by a few latent variables. The process is then 

monitored in these latent subspaces using a few multivariate control charts constructed 

from multivariate statistics. These charts contain all of the demonstration and explanation 

simplicity of traditional single variable SPC charts. They are, however, rather more 

effective for detecting out-of-control conditions because they use the information provided 

in all of the recorded variables at the same time. One other advantage of this technique 

is that it easily handles missing and noisy data. 

In 2019, Villalba et al. (Villalba, Sanchis, and Ferrer 2019) developed a MATLAB 

Graphical User Interface (GUI) tutorial for understanding the PCA-based MSPC 

technique. In the first step, they model the performance of the in-control process using 

historical reference data collected under normal operating conditions. This historical 

database analysis effectively improves process understanding and detects past process 

faults (out-of-control samples). Take into account a historical database to be a collection 

of N multivariate observations (objects or samples) on ὑ variables (online process 

measurements, dimensional variables, or product quality data) organized in a (ὔ ὑ) 

data matrix ᾀ. Matrix ᾀ variables are frequently pre-processed by mean-centering and 
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scaling to unit variance. PCA is used to reduce the process's dimensionality by 

compressing the high-dimensional original data matrix ὢ into a low-dimensional subspace 

of dimension ὃ ὃ ὶὥὲὯὢ , in which the majority of the data variability is explained by 

a smaller number of latent variables that are orthogonal and linear combinations of the 

original ones. This is accomplished by decomposing ὢ into a ὃ rank one matrices 

collection. 

ὢ ὸὖ ὸὖ Ὕὖ Ὁ ὢᶻ Ὁ 

(1-25) 

ὖ ὑ ὃ is the loading matrix containing the loading vectors ὖ, which are the 

eigenvectors equivalent to the ὃ largest eigenvalues of the covariance matrix of the 

original pre-treated data set ὢ and identify the orientation of the largest variance of the 

new latent ὃ -dimensional subspace.  

Ὕ ὔ ὃ is the score matrix that holds the coordinates of the original observations' 

orthogonal projection onto the latent subspace. The columns ὸ of the score matrix Ὕὸ

ὢὖ  represent the new latent variables with variances given by their respective 

eigenvalues (‗). The most important information from the original ὑ variables is 

summarised in these new latent variables and, as a result, can estimate (reconstruct) ὢ 

with minimum mean square error, ὢᶻ Ὕὖ . Matrix Ὁ ὔ ὑ incorporates the residuals 

(statistical noise) or knowledge that the PCA model does not describe. 

PCA is calculated using a Singular Value Decomposition (SVD) in this project (Villalba, 

Sanchis, and Ferrer 2019). Figure 2-23 shows the source code. 
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Figure 2-23: MATLAB code for PCA using SVD (Villalba, Sanchis, and Ferrer 2019). 

Table 2-10: The results of the script for calculating PCA 

ὖ Contains the coefficients of the linear combinations of the original variables that 

generate the principal components (loading matrix) 

Ὕ contains the coordinates of the original data in the new coordinate system defined 

by the principal components (score matrix)  

ὒ is a vector containing the eigenvalues of the covariance matrix of ὢ 

 

The maximum components number,  ὃ obtained from a PCA is equivalent to the number 

of variables ὑ being analyzed (ὍὪ ὑ ὔ). Nevertheless, because only the first few 

components compensate for substantial amounts of variance in most analyses, only 

these first few components are preserved, interpreted, and used in subsequent analyses. 

In this case, the first ὃ PCs that account for at least 90% of the explained variance are 

kept (Figure 2-24).  
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Figure 2-24: MATLAB code for PC selection (Villalba, Sanchis, and Ferrer 2019). 

From the scores and residual connected from each observation, an important statistic 

called Hotelling's Ὕ  is obtained. The Ὕ  statistic for the Ὥ-th observation is as follows: 

Ὕ ὸ— ὸ
ὸ

‗
 

(1-26) 

Where —ὃ ὃ is the covariance matrix of Ὕ (diagonal matrix of the highest ὃ 

eigenvalues ‗ȟȣȟ‗ . Hotelling's Ὕ shows the expected squared Mahalanobis 

distance from the center of the latent subspace to the projection of observation onto this 

subspace when a diminished subspace with A components is used rather than on the 

original variables space. Figure 2-25 shows the MATLAB code for computing Ὕ , an ὔ-

dimensional vector containing Ὕ  for each observation in matrix ὢ. 

New process observations can be monitored in real time after obtaining the reference 

PCA model and the control limits for the multivariate control charts. When a new 

observation ᾀ vector becomes available, pre-processed, and projected onto the PCA 

model, resulting in scores and residuals from which Hotelling's Ὕ  value is calculated. 
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Figure 2-25: MATLAB code for Hotelling-Ὕ  statistic computation (Villalba, Sanchis, and Ferrer 

2019). 

 

2.8 Extended Multi-Scale Principal Components Analysis (EMSPCA) 

In general, PCA and WPT methods cannot be standalone solutions for FDD due to 

Limitations. As an example, PCA is capable of analyzing multiple sensor types and 

measurements at the same time and identifying correlations between them. In addition to 

detecting fault signatures, the feature reveals which signals should be used rather than 

discarded. Although it is powerful for multisensory applications, it cannot be used to 

investigate how the frequency content of the measurements relates to fault signatures. 

Conversely, wavelets decompose signals to create time-frequency maps. In contrast, 

wavelets cannot solve problems associated with having multi-sensors and finding 

common features among them.  Thus, an integrated approach would take care of the 

Obstacles of both PCA and wavelets (Bakshi 1998b). The Multi-Scale Principles 

Component Analysis (MSPCA) was developed in response to this opportunity by Bakshi 

(Bakshi 1998b). With the MSPCA, relationships between variables are extracted through 

PCA, and relationships between measurements are extracted via DWT analysis (Bakshi 

1998b).  



Ph.D. Thesis ς Hosna Geraei 
McMaster University ς Department of Mechanical Engineering 
 

62 
 

Misra et al. (Misra et al. 2002) applied MSPC to detect and identify real industrial faults. 

They used two experimental data sets: the first was reactor systems, and the second one 

was boiler systems. Results revealed that using the MSPCA method, abnormal events, 

and faults can be identified earlier than via standard PCA methods.  

Ismail (Ismail 2015) represented Extended MSPCA (EMSPC, which used WPT instead 

of DWT. This was significant progress as the method can extract more information at 

higher frequency levels. He also combined the extended MSPCA with background noise 

elimination and logistic discriminant classifier to have an FDD algorithm for motors and 

stators with an accuracy of 97.43%. 

EMSPCA is the extended version of MSPCA that has two differences: 1) Haqshenas 

proposed Covariance-based indices for detecting and localizing faults (Table 2-11). Ismail 

used WPT instead of DWT. 

 

Table 2-11: Changes that are made by Ismail  (Ismail 2015; Haqshenas 2013). 

 

In the old versions, the data matrix is projected onto two orthogonal sub-spaces; one is 

the in-control PCA model that is spanned by the ýrst few PCs, and the other is the residual 

space formed by the rest of PCs. Then, † and ὗ indices are determined to measure 

variations in both spaces. An abnormality can be detected when these indices violate 

their corresponding upper limits.  Reconstruction-based contributions (RBC) are used to 

localize the faults.  The RBC method, as suggested by Dunia and Qin (Haqshenas 2013), 

is applied to diagnose faults. In their approach, the fault is modeled in an additive form as 

ὼ ὼᶻ Ὢ, where x is a new sample vector of size ρ ά,  ά is number of variables, ὼᶻ 

is a sample vector for normal operation conditions, and f is the fault vector.  
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In the extended approach(Ismail 2015), two covariance-based indices, Sc and Fc, are 

proposed for detecting and isolating faults in industrial systems (Ismail 2015). The index 

Sc is used first for fault detection by comparing it to a threshold. When a fault is detected, 

the index Fc is then used to isolate the specific fault. Both indices rely on the variations 

introduced by faults into the covariance matrices of the principal components (PCs). 

Under normal (healthy) conditions, the covariance matrix of the PCs,  ȟ , is 

diagonal because it was constructed using baseline measurements. However, when a 

fault occurs, the covariance matrix  ȟ , becomes non-diagonal due to the impact of 

the fault. The difference between  ȟ  and  ȟ  represents the fault. The Sc index 

leverages this difference to characterize the fault and provides a single value that 

simplifies fault detection by being compared against a threshold. If Sc exceeds the 

threshold, the system is declared faulty. The formula for computing Ὓ is as follows: 

Ὓ В
В ȟ ȟ ᶼ ȟ ȟ

      (1-27) 

Where, ‗ is the variance of PC of the baseline, and ( )ʐ in Equation 1-27 is Hadamard 

(entry-wise) multiplication. 

This method simplifies the process of detecting and isolating faults, as opposed to other 

indices that require evaluating individual elements of a vector. In other words, EMSPCA 

consists of four consecutive stages: Normalization, Wavelet Packet Transform (WPT), 

and Principal Component Analysis (PCA). Figure 2-26 shows the block diagram of the 

EMSPCA algorithm. 

After normalizing the input data, the WPT converts time domain data to the frequency 

domain and then splits the original signal into smaller frequency components, as shown 

in Figure 2-27. Each frequency component splits in half in every level of wavelets. This 

process iterates multiple times depending on the desired level of wavelets. The output of 

WPT is smaller frequency bins that represent different components of the original signal.  
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Figure 2-26: EMSPCA Diagram (Ismail 2015). 

 

Figure 2-27:  Frequency Content of WPT Coefficients (Ismail 2015). 

To conduct a proper classification, a healthy data sample was considered as the baseline, 

and each frequency bin of a test data sample was compared to its identical bin of that 

baseline.  

The Principal Component Analysis (PCA) algorithm was then applied to each batch of 

identical bins into one single component. The PCA algorithm then reduced dimensionality 

by eliminating redundant information in each dimension, keeping only significant patterns 
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in the sample. The output from PCA is one-dimensional frequency bins that describe the 

most significant features of each sample (Ismail 2015).  

The last step in the feature extraction process is to compare the output frequency bins 

from the PCA of each of the three conditions against the baseline (a.k.as healthy sample). 

Seddik has modified the EMSPCA to detect and diagnose misfires in ICEs. Because of 

the low accuracy of EMSPCA for detecting misfires in ICEs, he combined the EMSPCA 

with Convolutional Neural Networks (CNN). Results show that this algorithm can detect 

and diagnose misfires with relatively high (98%) accuracy. However, the algorithm cannot 

predict and diagnose misfires for different weather conditions with high humidity or low 

temperature. 

Another drawback of EMSPCA is that it cannot be applied to diverse network scenarios 

due to its high time complexity (Z. Chen et al. 2017). PCA must be performed at each 

wavelet coefficient scale to perform the EMSPCA. Chen et al.  (Z. Chen et al. 2017) 

introduced an improved MSPCA and showed that PCA is not required in all wavelet 

coefficient scales. They proposed that the Multiscale Multivariate Energy Contribution 

Efficiency (MMECE) threshold can be used to control the PCA-filter level.  In addition, 

Bayesian-PCA is employed c-PCA since it can automatically select the proportion of 

principal components and take less time. 

Despite advancements in fault detection and diagnosis (FDD) techniques, a significant 

gap remains in addressing the robustness and adaptability of existing methods to manage 

inherent variability and domain shifts in industrial machinery data. This research seeks to 

fill that gap by developing innovative approaches that improve fault detection accuracy 

while ensuring resilience to data variability and domain shifts. 

 

The primary objective is to design and evaluate novel FDD techniques for rotary 

machines, with a focus on: 

1. BSG and ICE Systems: Developing customized methodologies for accurately 

detecting and diagnosing faults in Belt Starter Generators (BSGs) and Internal 
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Combustion Engines (ICEs) using signal processing and multivariate machine 

learning. 

2. Noise-Invariant FDD for BSGs: Creating adaptable methodologies that can handle 

data variability and mitigate domain shift effects on fault detection performance in 

BSG systems, ensuring consistent accuracy under varying conditions. 

3. Real-World Validation: Conducting extensive validation experiments to assess the 

effectiveness and practical applicability of the proposed methodologies in industrial 

settings. 

This research introduces three innovative invariant FDD solutions for BSGs and one for 

ICEs using data-driven approaches, as detailed in the following chapters in paper format. 
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3 Novel Feature Extraction Method Using Combination of 

Spectral Analysis and Multivariate Statistical Process Control 

With a Sliding Window for Detecting and Diagnosing Faults 

Hosna Geraei1, Saeid Habibi1  

1McMaster Automotive Resource Center (MARC), Department of Mechanical Engineering, McMaster 

University, Hamilton, Canada  

3.1 Abstract  

Fault detection and diagnosis in industrial machinery are complicated by data variability, 

including motor-to-motor differences, teardown effects, and part-to-part variations. This 

study addresses these challenges in electric motors by focusing on pulley unbalance and 

bearing faults. The approach integrates Short-Time Fourier Transform (STFT) with PCA-

based Multivariate Statistical Process Control (MSPC) and sliding window analysis to 

mitigate variability impacts. Experiments were conducted on the HT-250 Belt Starter 

Generator (BSG) tester using vibration and sound sensors. Pulley unbalance was 

simulated by attaching off-center screws of varying masses, capturing seven severity 

levels, both before and after teardown. Bearing faults, including seven types, were 

compared across After-Market (AM) and Original Equipment Manufacturer (OEM) 

bearings. The method achieved a 100% detection success rate for both pulley-unbalance 

and bearing faults, outperforming the CNN-SVM model by Yuan et al., which achieved 

87.8% accuracy. This approach enhances reliability in machinery maintenance across 

dynamic industrial environments. 

 

3.2 Introduction 

Electric motors are extensively utilized across various sectors (Nandi, Toliyat, and Li 

2005; Bostanci et al. 2017; Mohanraj et al. 2022), including industry, commerce, public 

services, and household appliances, powering essential equipment like wind blowers, 

water pumps, compressors, and machine tools (Saidur 2010). In both developed and 

developing nations, electric motors constitute a significant portion of total national power 
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consumption. Statistics reveal that they typically contribute around two-thirds of industrial 

power consumption and approximately 40% of overall national power consumption 

(Akash and Mohsen 2003). However, their reliable operation is often compromised by the 

occurrence of faults, which can lead to safety hazards, increased maintenance costs, and 

decreased operational efficiency. Amongst the diverse range of faults observed in electric 

motors, bearing-related faults account for a significant portion, followed by stator and 

rotor-related issues, as highlighted by studies conducted by the Electric Power Research 

Institute (Seera et al. 2011; Gangsar and Tiwari 2020a). 

Rotor imbalance is identified as a major source of vibration in electric motors, resulting 

from an unequal distribution of mass around the rotor's center of rotation. This imbalance, 

whether static or dynamic, generates centrifugal forces and vibrations during motor 

operation, leading to premature wear and potentially catastrophic failures (Seera et al. 

2011; Gangsar and Tiwari 2020a). Given the critical importance of detecting and 

diagnosing electric motor faults (Devaney and Eren 2004; M. A. Khan et al. 2023; 

Prabhakar, Mohanty, and Sekhar 2002; B. Zhang et al. 2024), significant research efforts 

have been directed towards developing effective fault identification methodologies. 

Various techniques, including hybrid models incorporating fuzzy min-max, neural 

networks, and classification and regression trees, have been proposed for fault 

identification and diagnosis in electric motors (Seera et al. 2011). Additionally, multiclass 

support vector machine (SVM) methods have been utilized for mechanical multi-fault 

classification based on time-domain vibration signals, demonstrating high prediction 

accuracy under specific operating conditions (Gangsar and Tiwari 2016). 

Efforts to improve fault diagnostics have also led to the integration of advanced 

techniques, such as the Hilbert transform and neural networks, for detecting damaged 

rotor bars in electric motors (Bessam et al. 2016). Furthermore, investigations into 

vibration and current monitoring using multiclass SVM methods have shown promising 

results for effective failure prediction in electric motors (Gangsar and Tiwari 2017). 

Additionally, the integration of wavelet packet transform (WPT) with SVM has been 

proposed to enhance fault diagnosis by extracting crucial information from raw time series 

data (Gangsar and Tiwari 2018). 
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Despite these advancements, there remains a need for fault detection methodologies that 

can effectively handle practical system conditions with minimal data or information (Yam 

et al. 2001). Recent research has focused on developing SVM-based fault detection 

methodologies capable of diagnosing various fault conditions in electric motors with high 

accuracy (Gangsar and Tiwari 2019). 

Early detection of faults is crucial in preventing more extensive damage and minimizing 

downtime. Fault detection and diagnosis (FDD) systems play a vital role in this regard by 

monitoring systems and identifying fault types and locations. These systems should 

possess desirable attributes such as quick detection, robustness, adaptability, and the 

ability to handle multiple faults (Flett and Bone 2016). 

Fault diagnosis methods can be broadly categorized into quantitative model-based, 

qualitative model-based, and process history-based approaches (Venkatasubramanian, 

Rengaswamy, Yin, et al. 2003). While quantitative model-based methods rely on input-

output and state-space models, qualitative models focus on understanding the physical 

and chemical aspects of the process. Process history-based methods, on the other hand, 

utilize historical data for fault diagnosis, often employing feature extraction techniques to 

transform historical data into actionable knowledge (Venkatasubramanian, Rengaswamy, 

Kavuri, et al. 2003). Principal Component Analysis (PCA) is a widely used technique for 

feature extraction, enabling the identification of significant trends in data using a small 

number of relevant factors [22]. Initially proposed by Pearson in 1901, PCA has since 

become a fundamental tool in multivariate analysis, providing valuable insights into 

complex datasets (Venkatasubramanian, Rengaswamy, Kavuri, et al. 2003; Pearson 

1901; Wold, Esbensen, and Geladi 1987). 

This study addresses a critical aspect of industrial machinery maintenance by presenting 

a novel methodology for fault detection and diagnosis in electric motors, specifically 

focusing on two prevalent fault conditions: pulley unbalance and bearing faults, which are 

known to significantly impact the performance and longevity of electric motors in industrial 

settings. To tackle these challenges, a combination of state-of-the-art techniques is 

employed, including time-frequency analysis, multivariate statistical process control, and 

classification. By leveraging these methodologies, the approach is designed to identify 
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existing faults, thereby enhancing the overall reliability and efficiency of fault diagnostics 

in practical industrial systems. 

This study stands out for its novel contributions, including a thorough analysis of dataset 

variability, often overlooked in previous works. Variations between different bearings, 

including Original Equipment Manufacturing (OEM) and After Market (AM), fluctuations 

on testing days due to humidity and temperature changes, and changes before and after 

teardowns of the motor are meticulously analyzed. Addressing these nuances ensures a 

comprehensive understanding of the factors influencing fault detection and diagnosis in 

electric motors. Rigorous experimentation provides insights into how these variations 

impact the performance of fault detection techniques, offering more reliable guidance for 

researchers by better assessing the strengths and limitations of different methodologies. 

3.3 Experimental setup and data 

In this research, a Belt-Starter-Generator is used to develop and test our condition-

monitoring strategy. Figure 3-1 shows the HT-250 Belt Starter Generator (BSG) tester, the 

BSG, and the sensors used for experimentation. The motor and test cell were 

instrumented to measure key motor data. A three-axis accelerometer (accelerometer #1) 

is placed on the motor to measure the vibration of the BSG. Also, the same type of 

accelerometer (accelerometer #2) is mounted on the BSG tester to collect vibration 

information of the test cell. Two microphones are used to measure the sound signals. 

Microphone #1 is attached to the inside of the BSG tester to collect sound emitted from 

the BSG. The other one (microphone #2) is placed outside the test cell to capture sound 

information about the environment.  

In the first experiment, two test conditions were conducted: healthy (no-fault) and pully-

unbalanced-fault. The fault condition is carried out with seven different severity levels, 

from low to high. A total of one second of data was collected for each condition. Each 

second contains 48000 data points per channel for sound and vibration sensors. The 

pulley-unbalanced fault is simulated by mounting different screw sizes at 28.575 mm off-

center the pully (Figure 3-3). These data are collected under variant conditions that are 

summarized in Table 3-2. 
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Figure 3-1: Experimental setup and types of equipment. 

One of the challenges in most FDD models is that they work perfectly on a small size of 

data samples. However, they may fail if there is even minor variability within the test data 

that differs from the training data. A significant contribution to this work is addressing 

these variabilities. Figure 3-2 illustrates all variabilities investigated in this research to 

ensure that the proposed FDD model is generalized and robust against such variations. 
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Figure 3-2: Variabilities investigated in this research to ensure that the proposed FDD model is generalized and robust. 

This study resulted in an extensive dataset of pulley unbalance severity collected using 

BSG #1 and BSG #2 over multiple days. The data was meticulously gathered for seven 

different severity levels of pulley unbalance, ranging from mild to severe, providing a 

comprehensive representation of real-world scenarios. These faults are generated by 

mounting different screws off-center of the pulley (Figure 3-3). 

For BSG one, data is collected both before and after teardown to examine the effect of 

motor disassembly on the data. Variability may arise due to factors such as differences 

in manufacturing tolerances, wear and tear, and assembly procedures among the BSGs. 

Detailed information regarding the severity levels can be found in Table 3-1. 
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Figure 3-3: Pulley-unbalance faults at various severity levels. 

Table 3-1: The masses of screws, each of different sizes, are positioned 28.575 mm off-center from the 

pulley. 

Data 
Off-

center weight 

Healthy 0 

Fault #1 1.700g 

Fault #2 2.768g 

Fault #3 4.115g 

Fault #4 5.586g 

Fault #5 6.778g 

Fault #6 9.590g 

Fault #7 21.996g 

 

Additionally, this research presents a diverse dataset of bearing faults (Table 3-2), gathered 

using BSG #3 and BSG #2, comprising seven different fault types, including inner race, 

outer race, ball, and grease faults (Table 3-3). The details of the experimental setup and 

type of faults can be found in Chapter 4 (Geraei et al. 2024). Furthermore, the dataset 

includes data collected from both aftermarket and Original Equipment Manufacturer 
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(OEM) bearings, enabling a comparison of fault signatures between these two types. The 

comprehensive nature of this dataset ensures the inclusivity of various fault scenarios, 

contributing to the development and evaluation of effective fault detection and diagnosis 

techniques in rotating machinery. 

Table 3-2: Test conditions and variant dataset. 

Test ID Condition Variability 

1 Healthy-OEM ¶ Data is collected from three 

distinct BSGs. 

¶ Datasets are collected both 

before and after the 

teardown of BSG#1. 

¶ Data are collected on 

different days of testing. 

2 Healthy-AM ¶ Data is collected from three 

distinct BSGs. 

¶ Datasets are collected both 

before and after the 

teardown of BSG#1. 

¶ Data are collected on 

different days of testing. 

3 Bearing faults #1 to #7 ¶ Data is collected from three 

distinct BSGs. 

¶ Data are collected on 

different days of testing. 

4 Pulley-unbalanced faults #1 

to #7 

¶ Data is collected from three 

distinct BSGs. 

¶ Datasets are collected both 

before and after the 

teardown of BSG#1. 
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¶ Data are collected on 

different days of testing. 

 

3.4 Methodology and Approach 

This section describes a novel preprocessing method (Error! Reference source not 

found.) for detecting and diagnosing pully-imbalanced and bearing variant data 

classification accuracy. The proposed method is one of the study's novel contributions. 

This method is a combination of STFT and PCA-based Multivariate Statistical Process 

Control (MSPC) with a sliding window method that consists of five main steps: 

1) Time-Frequency analysis  

2) Segmentation 

3) PCA-based Multivariate Statistical Process Control (MSPC) with a sliding 

window. 

4)  Statistical analysis  

5) Classification  

In accordance with U.S. patent law and to safeguard intellectual property, the 

details of the proposed approach cannot be disclosed in this document. This 

research is currently under review for patent protection through the United States 

Patent and Trademark Office (USPTO), as required by the U.S. Patent Act. Since the 

approach is still undergoing the patent application process, revealing specific 

technical or methodological details would violate confidentiality agreements and 

could compromise the novelty and exclusivity of the innovation, which are critical 

under U.S. law. Therefore, the approach is withheld from public dissemination at 

this time. These confidential elements are documented in Appendix A, but access 

is restricted to authorized personnel under non-disclosure agreements. 

The following sections provide the results extracted from this method. 

3.5 Results and Discussions 

This study highlights three significant achievements that collectively contribute to 

advancing industrial fault detection and diagnosis: 
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¶ Data Collection: The research presents an extensive dataset acquired from 

various sources, forming the foundation for subsequent analyses. Specifically, for 

pulley unbalance faults, data was meticulously collected from BSG #1 and BSG 

#2, covering seven distinct severity levels. This comprehensive dataset mirrors 

real-world scenarios, providing a solid basis for evaluating fault detection and 

diagnosis techniques. Similarly, the dataset for bearing faults gathered from BSG 

#3 and BSG #2 encompasses seven distinct fault types, including aftermarket and 

OEM bearings. This diverse data repository ensures a holistic evaluation of 

diagnostic methodologies in the context of rotating machinery, encompassing both 

fault types and variations in bearing conditions. 

¶ Pulley-Unbalanced Fault Detection, Diagnosis 

This study highlights the importance of detecting and diagnosing pulley-unbalanced 

faults, which can cause significant vibration and operational inefficiency in mechanical 

systems. The methods used in this study were able to detect and diagnose these 

faults with high accuracy. 

¶ Bearing Fault Detection and Diagnosis 

The detection and diagnosis of bearing faults are crucial for the reliable operation of 

rotating machinery. This study demonstrates that the proposed methods can identify 

and diagnose bearing faults with high accuracy, ensuring timely maintenance and 

preventing severe damage. 

3.5.1 Pulley-unbalanced detection and diagnosis 

The diverse dataset was utilized to evaluate the model's performance in detecting and 

diagnosing pulley unbalanced faults accurately. By incorporating these different severity 

levels, the model was rigorously tested under various fault conditions, ensuring its 

robustness and reliability in handling real-world scenarios of varying unbalanced severity 

in industrial machinery maintenance. 

3.5.1.1 Result 1: Detection and Diagnosis of Pulley Unbalanced Faults with Variant 

Data. 

The model's robustness was evident when testing it using different days of data, 

consistently maintaining its exceptional performance. Once features are extracted, they 
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serve as inputs for the SVM model. In MATLAB, the built-in functions are leveraged for 

SVM implementation. The default parameters for SVM include a linear kernel, a 

regularization parameter (C) set to 1, and a tolerance for optimization (TolFun) set to 1e-

3. However, these parameters can be adjusted based on the specific characteristics of 

the dataset and the optimization requirements.  

The first three principal components (PCs) represent the primary axes of variability within 

the extracted features dataset (Figure 3-4). These components are derived through 

Principal Component Analysis (PCA), a statistical technique commonly used for 

dimensionality reduction. In the context of data collected on different days, the first three 

PCs capture the most significant patterns and variations present in the feature space, 

thereby aiding in understanding the underlying structure and trends across the different 

datasets. The achieved flawless 100% detection accuracy and commendable 95.7% 

diagnosis accuracy underscore the efficacy of the proposed approach in precisely 

identifying and diagnosing Pulley Unbalanced Faults (Figure 3-5). In industry, the overlap 

between different severity levels of faults is not as concerning as detecting and 

distinguishing between healthy and faulty data. There is misclassification between fault 

#1 and fault #2 that can be solved by considering these two classes as one, as the 

important thing is distinguishing between healthy and faulty data (100 % detection). These 

results represent a significant advancement in the field of industrial machinery 

maintenance and reliability, offering a promising solution for accurate and reliable fault 

detection in real-world scenarios. 
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Figure 3-4: The first three principal components (PCs) of the extracted features for data collected on 

different days. 

 

  

Figure 3-5: Testing and training confusion matrix for pulley-unbalance data investigating day-to-day 

variation. 

3.5.1.2 Result 2: Model Performance for the BSG Variability Analysis 

¶ Before/after teardown 

The Model Performance for the BSG Variability Analysis was conducted to assess 

the impact of BSG teardown on detection and diagnosis results. Remarkably, the 

study revealed that the process of tearing down the BSG did not affect the 

accuracy of detection and diagnosis. By training the model using data collected 
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before the teardown, the testing accuracy achieved using data collected after the 

teardown was significantly high. Notably, the study achieved an exceptional 100% 

detection accuracy and an impressive 97.2% (Figure 3-6) diagnosis accuracy, 

reinforcing the robustness and reliability of the model in handling the variability of 

BSG operating conditions. These findings hold great promise in enhancing the 

effectiveness of fault detection and diagnosis techniques in industrial applications. 

Figure 3-7 shows the first three principal components of the extracted features for 

three sets of data. One is related to the first day of testing before the teardown, the 

second one is related to the dataset collected on day #2 before the teardown, and 

the third class is related to the dataset after the teardown. Figure 3-7 shows that 

these three datasets are consistent, with each class forming a distinct cluster. 

  

Figure 3-6: Testing and training confusion matrix for pulley-unbalance data investigating teardown 

variation. 
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Figure 3-7: The clustering plot illustrates the pulley unbalanced data before and after teardown, revealing 

eight distinct clusters for each condition. 

3.5.2 Bearing Fault Detection and Diagnosis 

This study gathered a comprehensive dataset comprising seven different combinations 

of bearing faults to thoroughly evaluate the performance of the fault detection and 

diagnosis model. Table 3-3 presents a detailed overview of these fault combinations, 

enabling systematic analysis and assessment of the model's effectiveness across various 

fault scenarios. By collecting data from diverse fault manifestations and combinations, the 

study aims to provide a robust evaluation of the model's capabilities and its ability to 

accurately detect and diagnose different types of bearing faults. The inclusion of these 

distinct combinations ensures that our model is thoroughly tested against a wide range of 

real-world fault scenarios, enhancing its reliability and practical applicability in industrial 

machinery maintenance. 
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Table 3-3: Bearing fault list. 

 

3.5.2.1 Result 1: Bearing Fault Detection Considering BSG-to-BSG and Teardown Variations 

Figure 3-8  showcases the healthy data collected from different days of testing and 

various BSGs, along with data representing bearing faults. Remarkably, this figure 

reveals that the healthy and faulty data form two distinct clusters, simultaneously 

depicting the variations in healthy and faulty conditions. The model achieved an 

impressive 100% detection accuracy for this type of bearing fault, successfully accounting 

for two sources of variability: BSG-to-BSG variation and teardown variability. This 

noteworthy result highlights the model's ability to extract meaningful features from the 

data, demonstrating its robustness and reliability in detecting bearing faults amidst 

complex and diverse data variations. 

 

Figure 3-8: Bearing Fault Detection Considering BSG-to-BSG and Teardown Variations 
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3.5.2.2 Result 2: OEM and Aftermarket Bearing Variability 

Figure 3-9 depicts "OEM and Aftermarket Bearing Variability" and clearly illustrates distinct 

clusters for both OEM and Aftermarket bearings. This crucial finding underscores the 

significance of considering these two categories separately for the purposes of bearing 

fault detection and diagnosis. The observed variability in the data indicates that the 

performance characteristics and fault patterns may vary between OEM and Aftermarket 

bearings. Taking this variation into account is essential for developing accurate and 

reliable detection and diagnosis models, ensuring effective maintenance and optimal 

performance of machinery that relies on different types of bearings. 

 

Figure 3-9: OEM and Aftermarket Bearing Variability. 

3.5.2.3 Result 3: Comprehensive Results for Detection and Diagnosis of Bearing Faults at 

Various Operating Conditions 

This study focused on bearing fault detection and diagnosis across various operating 

conditions, employing weighted average accuracy to account for the distinct capabilities 

of fault detection and diagnosis under different scenarios. The variations in detection and 

diagnosis performance at various RPM and load conditions are common, necessitating 

optimization to calculate the appropriate weight factors. Table 3-4 presents the diagnosis 

accuracy for each fault, while Figure 3-10 illustrates the total diagnosis accuracy of the 

model without considering weight factors. Notably, higher RPM and load conditions 

showed increased accuracy levels, influenced by complex interactions between 

mechanical stress, lubrication, and temperature, affecting the manifestation of bearing 
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faults. By employing optimization techniques, weight factors were derived (Figure 3-11), 

highlighting the significance of considering specific conditions for diagnosing various 

faults. Remarkably, the highest performance across all fault types was observed at 40 

Nm and 1000 RPM, emphasizing the importance of tailoring diagnostic approaches to 

specific operating conditions to enhance fault detection and diagnosis accuracy. 

The variations in fault manifestation across different operating conditions, particularly with 

respect to lubricant faults and ball-bearing faults, can be attributed to several factors. At 

lower RPM (Revolution Per Minute) levels, the lubrication process may be less efficient, 

leading to inadequate distribution of lubricant within the bearing assembly. As a result, 

lubricant-related faults may be less pronounced due to reduced friction and wear, 

masking their visibility in fault detection (Vidyasagar, Pandey, and Kalyanasundaram 2021). 

Similarly, ball bearing faults may exhibit lower intensity at lower RPM as the reduced 

rotational speed lessens the dynamic forces acting on the bearings, thereby mitigating 

the severity of defects and preventing their detection at these operating conditions. 

Understanding these nuances in fault behavior across different operating conditions is 

critical for devising effective fault detection and diagnosis strategies, as it allows 

maintenance personnel to focus on targeted inspections and corrective measures, 

optimizing machinery performance and ensuring reliability in various operational 

scenarios. 

Table 3-4: Weighted average of diagnosis accuracy for bearing faults. 
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Figure 3-10: Total diagnosis accuracy for bearing faults without considering weight factors. 

 

 

 

Figure 3-11: Optimized weight factors for bearing faults. 
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3.5.2.4 Result 4: Bearing-to-Bearing Variation in Bearing Fault Detection 

The study explores the Bearing-to-Bearing Variation in Bearing Fault Detection, involving 

four sets of data collected from four different bearings over two separate days. Two sets 

of data were used to train the model, while the other two sets were kept as blind data for 

testing purposes. As depicted in the figure, the healthy bearing data forms a single cluster, 

indicating consistent behavior across all bearings. In contrast, the faulty bearing data 

forms two distinct clusters, suggesting varying severity levels of bearing faults introduced 

in different bearings. This observation highlights the model's capability to detect and 

diagnose these changes effectively, as it discerns the differing fault patterns resulting 

from various bearing conditions. This ability to handle bearing-to-bearing variation 

demonstrates the model's robustness and reliability in addressing real-world scenarios, 

making it a promising tool for accurate and dependable bearing fault detection and 

diagnosis. 

 

Figure 3-12: Bearing-to-Bearing Variation in Bearing Fault Detection and Diagnosis. 

3.6 Conclusion 

In this study, the effectiveness of fault detection and diagnosis methodologies in electric 

motors has been examined, focusing specifically on pulley unbalanced and bearing faults, 

which are important issues affecting industrial machinery. Through advanced techniques 

such as time-frequency analysis, multivariate statistical process control, and 
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classification, the methodology aims to enhance the reliability and efficiency of fault 

diagnosis in practical industrial systems. 

One of the key strengths of the method lies in its comprehensive consideration of 

variability within the dataset, a factor often overlooked in previous research. Various 

sources of variability have been rigorously considered and analyzed, including differences 

between bearing types, fluctuations observed across different testing days, and changes 

occurring before and after teardowns of BSGs. By systematically addressing these 

nuances, the approach ensures a holistic understanding of the factors influencing fault 

detection and diagnosis in electric motors. 

Experimental findings underscore the robustness of the methodology across diverse 

scenarios, achieving a remarkable 100% detection rate for all tested variations. This 

achievement demonstrates the efficacy of the approach in identifying faults, regardless 

of the inherent variability present in industrial systems.  

Acknowledging and addressing variability enables more reliable guidance for researchers 

in the field of electric motor maintenance and diagnostics. 
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4.1 Abstract 

This study proposes a new method for Bearing Fault Detection and Diagnosis (FDD) in 

Belt Starter Generators (BSG) using vibration signals. The Adapted Local Binary Pattern 

(ALBP) method is introduced, and its performance is compared to the conventional Local 

Binary Pattern (LBP) technique and a CNN-SVM model. Significantly, ALBP 

demonstrates superior accuracy without significantly increasing computational 

complexity, outperforming both LBP and the CNN-SVM model. The experimental setup 

involves a Specialty Motor Testing system, with vibration data collected using a single 

accelerometer under specific speed and torque conditions. The focus is on detecting 

bearing faults, such as lubrication and contamination, under various test conditions for 

Original Equipment Manufacturer (OEM) and Aftermarket (AM) bearings. ALBP achieves 

diagnostic accuracy ranging from 99% to 99.8%, representing a significant advancement 

in bearing FDD. Another novel aspect of this study is the training and testing of the model 

on separate days. This approach ensures the model's robustness against data variability 

and domain shifts, unlike the traditional random data splitting method, which can yield 

misleadingly high accuracy on a single day but fails to generalize. Results show that ALBP 

achieves an average of 99.4% diagnosis accuracy, compared to 80% for the CNN-SVM 

model, further highlighting the superior performance of ALBP. 

4.2 Introduction 

Electric Motors (EMs) play a vital role in various aspects of human life and have found 

utility in a wide range of industries as well as domestic settings. Despite their lower 
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maintenance requirements compared to other engines, these motors are still not immune 

to error occurrence, like their counterparts. Among all types of EMs, Induction Motors 

(IMs) are favored in many applications because of their straightforward design, reliability, 

cost-effectiveness, simplicity, and efficiency. 

Malfunctions in electric motors (EMs) can result in unforeseen shutdowns, increased 

losses, and wasted money and energy. To prevent this, fault detection and diagnosis in 

the early stage and preventive maintenance have gained significant attention from 

researchers and engineers. 

The distribution of fault types in induction motors can be summarized as follows: bearing 

issues (41-42%), stator winding problems (28-36%), rotor-related malfunctions (8-9%), 

and other forms of damage (14-28%)(Tandon and Choudhury 1999)(Benbouzid 2000). 

Given the vast array of possible faults in induction motors (IMs), there are multiple 

strategies available for their diagnosis, such as signal processing techniques, data-driven 

and artificial intelligence methodologies, as well as model-based approaches (Choudhary 

et al. 2019). 

Various signal processing methods for diagnosing electrical machine faults are 

documented in the literature and can be classified into three primary categories: time-

domain analysis, frequency-domain analysis, and time-frequency domain analysis 

(Gangsar and Tiwari 2020b).  

One of these time-frequency domain analysis methods is the Short-time Fourier transform 

(STFT), which, Unlike the standard Fourier Transform that provides a global frequency 

analysis of a signal, divides the signal into short-time segments by multiplying a window 

function that is nonzero for only a short period of time and performs a Fourier Transform 

on each segment. This localized analysis helps pinpoint when and where faults occur 

within a signal or system (Heydt et al. 1999). 

Signal processing techniques are suitable for analyzing sampled data from various 

sources such as motor current signals, acoustics, and notably vibration signals. In the 

study outlined in (Barusu and Deivasigamani 2020), the vibration of the motor is detected 

by using a microwave sensor, which sends a high-frequency signal to the motor, and the 
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reflected signal is captured. Afterward, a Low pass filter is applied to the collected signal, 

and Wavelet Transform is used on the filtered signal to detect the fault. In accordance 

with the results from (Delgado-Arredondo et al. 2017a), Empirical Mode Decomposition 

has the capability to break down vibration and acoustic signals into multiple Intrinsic Mode 

Functions (IMF). Accordingly, their spectral content in the frequency domain can be 

calculated and utilized to detect different kinds of faults. An Extended Kalman Filter-based 

conditioning that can track, estimate, and remove multiple dominant frequency 

components from vibration signals, facilitating accurate fault diagnosis is introduced in 

(Samanta et al. 2021). 

Machine learning algorithms have gained considerable interest in systems fault 

diagnoses in recent years, and as mentioned before, induction motors are no exception 

to this trend (Kumar and Hati 2021)(Ali et al. 2020)(Sunal, Dyo, and Velisavljevic 2022). 

In (Toma, Prosvirin, and Kim 2020), the motor current signal's statistical features are 

extracted, and a Genetic Algorithm is employed to select the most important features. 

Afterward, diverse classification techniques, including K nearest neighbors (KNN) and 

decision trees, are utilized for training and testing, all aimed at detecting bearing faults. 

In another study, a Deep Convolutional Neural Network (DCNN) is trained to diagnose 

faults in induction motors, using the time-frequency distribution of vibration and current 

signals as input images (Shao et al. 2019). 

A novel approach for diagnosing induction motor faults using a multiscale kernel-based 

residual CNN is outlined in (R. Liu et al. 2019). This study underscores the complexity 

and variability of vibration signals, emphasizing the need for a deep network to avoid 

degradation, which was attained by incorporating residual learning into the CNN.  

Infrared Thermography (IRT) and vibration sensor signals can also be employed to 

diagnose misalignment, unbalance, and rotor disk eccentricity faults in induction motors 

(Mian, Choudhary, and Fatima 2023). This research work combines the high feature 

processing capabilities of Deep Convolutional Neural Network (DCNN) with the strong 

predictive capabilities of Support Vector Machine (SVM) for fault diagnosis. 

Local Binary Patterns (LBP), capable of extracting texture characteristics from both 

images and signal data, are found valuable for detecting faults in various systems, 
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including induction motors (Shahriar, Ahsan, and Chong 2013)(Kaplan et al. 2020). In 

one study, time domain vibration signals of the IM motor are converted into two-

dimensional gray-scale images, and discriminating texture features are extracted from 

these images using LBP (Shahriar, Ahsan, and Chong 2013). Afterward, a multi-class 

support vector machine is utilized to identify faults in IM. One important challenge for fault 

detection is the variable speed condition of IM. To tackle this, (S. A. Khan, Kim, and others 

2016) create images with unique textures for each fault using vibration signals, which 

show minimal variation with shaft speed, and LBP is used to diagnose the fault using 

generated images. 

While many studies achieve high accuracy by randomly splitting data into training and 

testing sets, performance drastically drops when training and testing are conducted on 

different days due to data variability. This research investigates this phenomenon and 

proposes a solution to address it. 

This study conducts a comprehensive analysis of fault diagnosis using vibration signals, 

focusing specifically on the novel Adapted Local Binary Pattern (ALBP) algorithm. The 

proposed algorithm (Summarized in FIGURE 1) is applied to the collected vibration data 

of a Belt Starter Generator (BSG), which is a key component of the integral system of 

Hybrid Electric Vehicles (HEVs) responsible for initiating the engine, providing electrical 

boost to the vehicle, and producing charging voltage during deceleration. The research 

commenced by gathering vibration data from the BSG running with both AM and OEM 

bearings in a healthy state. Additionally, the study introduced seven distinct combinations 

of bearing faults, including lubricant issues, inner race defects, outer race anomalies, and 

ball bearing irregularities. This investigation conclusively establishes the superiority of the 

ALBP approach over the conventional LBP technique in terms of accuracy, all while 

maintaining practical computational efficiency. Furthermore, this research highlights the 

ALBP algorithm's remarkable noise invariance and its crucial role in enhancing the 

robustness of fault diagnosis in the face of domain shifts between training and testing 

data arising from measurement uncertainty and noise. One of the major contributions and 

benefits of the proposed Bearing's Fault Detection & Diagnostics is that it can be used as 

part of the design validation and verification for the right design, size, installation, and 

operation of the bearing's layout for BSG applications. This new approach can be applied 
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in every Design Validation Plan & Report (DVP&R), where pre- and post-performance 

tests are conducted at each testing leg. Therefore, the outcome of the proposed approach 

can be used as an acceptance criterion to mark if the test has passed or failed, 

considering the test that examines bearings' life upon accumulative damage perspective. 

This will significantly improve the engineering development of the bearings for BSG 

applications and reduce the risk of bearing failures during the life of BSGs. 

4.3 Approach 

This section provides an overview of the experimental setup and data collection 

procedures. The setup includes specialized motor testing equipment and accelerometers 

to capture vibration data. The study explores various bearing conditions, including defects 

and lubrication levels. It also introduces an innovative adaptation of the Local Binary 

Pattern (LBP) technique called Adapted LBP (ALBP), integrated with Short-Time Fourier 

Transform (STFT) for feature extraction. Several classification models are employed to 

assess fault detection effectiveness, with a focus on their performance under cross-

validation. 

4.3.1 Experimental Setup and Data Collection 

The testing rig consists of the HT-250 Specialty Motor Testing from D&V Electronics and 

the Belt-Starter Generator (BSG) from Stellantis (see Figure 4-1). The HT-250 uses a 

dynamometer facilitating variable torque and speed settings, and a battery simulator 

(BSIM) provides the voltage and current for the BSG's converter. The dynamometer is 

connected to the BSG through a belt with a drive ratio of 2.2. Vibration signals were 

collected using triaxial accelerometers (ICP Model-356A16). The accelerometer was 

mounted on the right side of the BSG motor's chassis (see Figure 4-2). The HT-250 records 

data from the accelerometers at a sampling frequency of 48 kHz. 
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Figure 4-1: BSG (left), and HT-250 test bench (right). 

To maintain a controlled environment, the HT-250 can measure and record the motor 

temperature. However, the test bench itself does not have a cooling circuit to regulate the 

heat produced by the motor while running at high loads or prolonged time. Therefore, an 

initial temperature was set to maintain the motor's temperature within a fixed range. The 

roomôs temperature at the beginning of each test is around 18 ï 21ᴈ. The peak 

temperature during experimentation was recorded to reach 65ᴈ momentarily for the test 

with the highest load.  

This study focuses on bearing lubrication and contamination faults. To simulate these 

faults (Figure 4-3), multiple bearings were put through different conditions:   

 
Figure 4-2: Location of tri-axial accelerometer sensors in setup. 

¶ The bearing under test is in the front end of the BSG. Four types of common ball 

bearing faults were studied: inner and outer defects, and defects in the ball 

bearings, and two levels of lubricant: 50% and 100% lubricant filling.  

¶ Different holes were created in the inner and outer tracks and the ball bearings to 

simulate damage in bearings (see Table 4-1). The specification of the bearings 

used for creating the artificial defects can be found in Table 4-2.   
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¶ In the faulty cases, a combination of at least two faulty conditions is present in 

each bearing under test. The healthy bearings are labeled as ñOEMò and ñAMò 

bearings. These bearings were not altered and have their original lubricant filling.  

¶ Original Equipment Manufacturer (OEM) bearing is the original bearing used for 

testing. Please note that the OEM bearing came with the BSG from factory. The 

serial number is: SKF BB1 ï 0890DABA.  

¶ The After Market (AM) bearing with similar dimensions as the OEM bearing 

selected to craft the fault defects and test them.  

Each dataset is collected at steady state condition at 2000 rpm and 40 Nm. 

 

Figure 4-3: Close up to bearing faults. 

Table 4-1:  Bearing faults conditions. 

 
Inner 

race 

1 mm2 

Outer 

race 

1 mm2 

Ball 

bearing 

1 mm2 

Lubricant 

(%) 
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OEM 

Bearing 

   
100 

AM 

Bearing 

   
100 

Fault #1 
   

50 

Fault #2 
 

x x 100 

Fault #3 
 

x x 50 

Fault #4 x 
 

x 100 

Fault #5 x 
 

x 50 

Fault #6 x x 
 

100 

Fault #7 x x 
 

50 

 

Table 4-2: Test bearing specifications. 

Parameter Value 

Bearing SKF 6305-2RS1/C3 

Bearing type Deep groove ball bearing with 

seals 

Bore diameter 25mm 

Outside 

diameter 

62mm 

Width 17mm 

Number of 

balls 

7 

Grease Shell Gadus S2 V1003 

Bore type Cylindrical 

Cage Sheet metal 

Bearing 

material 

Bearing steel 

Sealing Sealing on both sides 

 

4.3.2 Adapted Local Binary Pattern (ALBP) 

Local Binary Patterns (LBPs) are a widely used texture descriptor in the field of computer 

vision and image processing. LBPs are effective for capturing local patterns and 

variations within an image. The traditional LBP algorithm involves comparing the intensity 

value of a central pixel with the intensity values of its neighboring pixels. Equation (4-1) 
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demonstrates the mathematical formulation for binary comparison, where ὖ and ὖ 

symbolize the value of the ᾭὸὬ neighbor and the center value, respectively (Kuncan 

2020)(Vu, Nguyen, and Pham 2022). 

Ὠ ὖ ὖ 

ὒὄὖὼ В ὪὨς  (4-1) 

ὪὨ
ρȟ Ὠ π
πȟ Ὠ π

 

In this context, d denotes the disparity between the value of the neighboring element and 

the central value. x signifies any position on the recently created signal ὪὨ, which adopts 

a value of 0 or 1 based on the positive or negative nature of d. The resulting binary 

comparisons are then combined into a binary pattern, which serves as a texture 

descriptor. Then, the outcome binary sequence undergoes transformation into a decimal 

equivalent. As a result, a binary LBP code is generated for the adjacent region. The 

decimal interpretation of this binary code encapsulates the inherent local structural details 

surrounding the designated ὖ point. 

In the following example, the aim is to elucidate a noteworthy limitation inherent in this 

approach when confronted with an outlier in the central pixel value. When the central pixel 

possesses a value that is comparatively significantly larger than its neighbors as shown 

in Figure 4 and thereby setting a large threshold, while the neighboring pixels exhibit 

values lower than this threshold, the algorithm yields binary patterns with zero values for 

all the adjacent pixels. It becomes apparent that this model exhibits sensitivity to outliers 

or noise within a matrix. Additionally, it should be noted that this algorithm relies mostly 

on the central pixel value and largely ignores the surrounding pixels. 

1 3 6 

3 9 5 

2 6 3 

 

0 0 0 

0  0 

0 0 0 

 

 

0 0 0 0 0 0 0 0 

        
 

   

 0  

   
 

Figure 4-4: Local Binary Patterns (LBP) 
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In this research study, an innovative adaptation of the Local Binary Pattern (LBP) 

technique is introduced, aiming to significantly improve its efficacy in fault detection and 

diagnosis. Unlike the conventional LBP, where a pixel's intensity value is directly 

compared to its neighboring pixels, our proposed adaptation involves comparing each 

pixel's value to the mean intensity of a selected matrix. This mathematical transformation 

is formally expressed in Equation (4-2), where ὖ  represents the mean value of this 

matrix. Subsequently, the resulting binary pattern is converted into a decimal value. 

Ὠ ὖ ὖ  

ὃὒὄὖὼ В ὪὨ ς   (4-2) 

ὪὨ
ρȟ Ὠ π
πȟ Ὠ π

 

This modification serves to normalize the comparison process, rendering it considerably 

less susceptible to variations such as noise present within the datasets. It is important to 

note that this normalization process leads to different binary patterns being generated for 

the same input, which can be advantageous in situations where robustness to noise and 

subtle variations in image content is essential. The following example clearly 

demonstrates that the binary pattern generated using this adapted version differs from 

the conventional LBPs and is not sensitive to outliers. This adaptive approach holds 

promise for improving the performance of LBP-based methods in fault detection and 

diagnosis, making them more reliable and robust in practical applications. 
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Mean=4.2 

0 0 1 

0 1 1 
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Figure 4-5: Adapted Local Binary Patterns (ALBP). 
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4.3.3 Feature Extraction Using Short-Time Fourier Transform (STFT) and ALBP 

In Figure 4-6, the plot matrix for the triaxial accelerometer with healthy data is presented. 

The diagonal elements of the plot matrix depict histograms for each axis individually, 

revealing that the distribution is approximately normal for the X, Y, and Z axes. The off-

diagonal scatter plots in Figure 4-6 illustrate bivariate relationships between pairs of axes. 

Notably, these scatter plots do not display significant correlation, indicating that 

accelerometer readings from different axes are largely independent under healthy 

conditions. 

Given the absence of strong correlations in the time domain scatter plots, the analysis 

progressed to applying the Fast Fourier Transform (FFT) to extract frequency 

components from the accelerometer data. This decision was based on the recognition 

that while correlations may not be apparent in the time domain, frequency domain 

analysis could provide valuable insights into the signal characteristics.  

 

Figure 4-6: Plotmatrix for the triaxial accelerometer with healthy raw data. The diagonal of the plot matrix 

represents histograms for each axis individually. The off-diagonal scatter plots show the relationships 

between pairs of axes. 

Subsequent sections delve into the findings from the frequency domain analysis, 

emphasizing the significance of utilizing frequency components in lieu of time-domain 

features for a more comprehensive understanding of the system's health. 
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Figure 4-7 illustrates a scatter plot in the frequency domain, showcasing vibration signals 

recorded by a triaxial accelerometer. The distinct L-shaped pattern, along with other 

observed patterns in the scatter plot, implies potential frequency-related relationships 

between the axes of the accelerometer. These patterns may signify the presence of 

harmonic components, indicating that specific frequencies on one axis could influence or 

couple with corresponding frequencies on another axis, thereby contributing to the 

observed linear relationship.  

The patterns observed in the frequency domain scatter plot from a triaxial accelerometer 

hold significant potential for fault detection, diagnosis, and feature extraction in 

mechanical systems. The identification of harmonic components and observation of 

cross-correlation effects in the frequency domain contribute valuable insights. Leveraging 

advanced signal processing techniques, such as spectral analysis, enables the extraction 

of key features. These features, encompassing characteristics like peak frequencies and 

amplitudes, serve as essential inputs for machine learning algorithms. That is the reason 

why, in this paper, the utilization of Short-Time Fourier Transform (STFT) is chosen. 

 

Figure 4-7: Plotmatrix for the triaxial accelerometer with healthy frequency domain data. The diagonal of 

the plot matrix represents histograms for each axis individually. The off-diagonal scatter plots show the 

relationships between pairs of axes. 
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Initially, the raw vibration signal, sampled at 48,000 Hz, is divided into 100 segments. 

Each segment comprises 480 data points, equivalent to 0.01 seconds of data. Each of 

these segments serves as a single observation for training the model. After centering and 

scaling the dataset, STFT is applied to each segment. Centering and scaling are essential 

preprocessing techniques in data analysis and machine learning. Their primary purposes 

include normalization, improved model performance, convergence of optimization 

algorithms, enhanced interpretability, and handling outliers. In the context of 

accelerometer data collected from three axes, it is crucial to center the data by removing 

the mean and scale it by dividing it by the standard deviation.  

This transformation ensures a mean of zero and a standard deviation of one, preventing 

issues in model training and maintaining consistency across different axes. Failure to 

perform these steps could lead to confusion in the training model, particularly when 

features have varying ranges, units, or magnitudes (Figure 4-8).  

Figure 4-9 illustrates how the ALBP method is employed and integrated with STFT to 

extract features from the raw data.  

  

Figure 4-8: Impact of centering and scaling the data. 

STFT is a signal processing technique used to examine non-stationary signals in the time-

frequency domain. It works by dividing the original signal into short, overlapping segments 

and then computing the Fourier transform for each of these segments. Mathematically 

expressing equation (4-3), both the STFT algorithm and the window function are 

represented (Sharma et al. 2013). 
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ὛὝὊὝίὸ Ὓ†ȟ‫ ᷿ ίὸ•ὸ †Ὡ Ὠὸ   (4-3) 

In this context, •ὸ signifies the user-defined window function with a specified time 

duration, while ίὸ represents the waveform signal in the time domain. The operation 

described in Equation 3 distinguishes itself from the traditional Fourier transform solely 

due to the inclusion of the window function •ὸ. As the name suggests, the Short-Time 

Fourier Transform (STFT) is constructed by applying the Fourier transform to shorter 

segments of the initial waveform. The STFT with a Hanning window is a widely used 

technique in signal processing. The Hanning window, denoted as •ὸ, is defined as (K. 

F. Chen and Mei 2010): 

•ὸ
 ϳ

ȟπ ὸ Ὕ

πȟὸ π έὶ ὸ Ὕ
 (4-4) 

Where Ὕ ὔЎὝ and ЎὝ and ὔ are the sampling interval and size, respectively. In our 

specific case, the choice of Hanning window with a size of 64 and a 50% overlap was 

made to effectively capture both fine and coarse details in the data, rendering it well-

suited for the extraction of relevant features from the vibration signal. This application of 

STFT produces a spectrogram-like representation of the signal, which was subsequently 

utilized for further feature extraction in our research study. Subsequently, a 129x14 matrix 

is generated for each observation. A sliding window of size 3x3 is applied to this matrix, 

and ALBP is performed separately for each window in an iterative process. Following this 

step, a matrix of size 129x14 is generated, containing decimal values instead of pixel 

values. Next, five statistics are applied to this matrix to calculate the mean, standard 

deviation, kurtosis, skewness, and median of the 14 data points (Table 4-3). Consequently, 

the feature dimension for each observation is determined as 129x5 = 645. 

Table 4-3: Statistical features derived from Local Binary Pattern 

Number Feature Formula 

1 Mean 
Ὢ

В ὢ

ὲ
 

2 Standard 

Deviation Ὢ
В ὢ Ὢ

ὲ
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3 Kurtosis 
Ὢ

В ὢ Ὢ ὲϳ

Ὢ
 

4 Skewness 
Ὢ

В ὢ Ὢ ὲϳ

Ὢ
 

5 Median Ὢ

ὢ

ς
ȟ ὭὪ ὲ Ὥί έὨὨ

ὢ ὢ

ς
ȟ ὭὪ ὲ Ὥί ὩὺὩὲ

 

 

 

 

 

      

      

      

      

      

      

      

      

Sliding window 

 

Figure 4-9: Proposed method 

4.3.4 Classification 

To evaluate the effectiveness of the ALBP and LBP algorithms, the classification phase 

of this study employed five common training models using the MATLAB toolbox. Different 

types of models were conducted in this study, and among them, these five classifiers that 

provided high accuracy for the diagnosis were used to compare the effectiveness of the 

two ALBP and LBP algorithms. These five classifiers are listed as follows: 

¶ Neural Network 

¶ K-Nearest Neighbors (KNN) 

¶ Ensemble 

¶ Support Vector Machine (Linear) 

¶ Support Vector Machine (Kernel) 

st
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The parameter details for each model are presented in Table 4-4. It is important to note 

that a 10-fold cross-validation approach is employed to assesses the model's 

performance across different subsets of the data, which gives a more reliable estimate of 

its generalization ability and helps in determining the optimal hyperparameter values that 

strike a balance between bias and variance. 

Table 4-4: The configurations of the employed classifiers' parameters 

Classifier type Classifier subtype parameter configurations 

Neural Network Wide Neural Network ¶ Number of fully connected 

layers is 1 

¶ First layer size is 100 

¶ Activation is ReLU 

¶ Iteration limit is 1000 

K-Nearest Neighbors (KNN) Fine KNN ¶ Number of neighbors is 1 

¶ Distance metric is euclidean 

¶ Distance weight is equal 

Ensemble Subspace 

Discriminant 

¶ The learner type is 

Discriminant. 

¶ Number of learners is 30 

¶ Subspace dimension is 323 

Support Vector Machine 

(SVM) 

Linear SVM ¶ Kernel function is linear. 

¶ Box constraint level is 1. 

¶ Multiclass method is one-vs-one 

Support Vector Machine 

(SVM) 

SVM Kernel ¶ The multiclass method is One-

vs-One. 

¶ Iteration limit is 1000 

 

4.4 Results and Discussion  

The results of fault detection and diagnosis of a BSG using a vibration signal demonstrate 

that the proposed technique outperforms traditional LBPs in terms of accuracy. It is 

essential to note that this improvement comes without significant increases in 

computational complexity, making the ALBP a practical enhancement for real-world 
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applications. The reason for achieving high accuracy with the ALBP algorithm is its noise 

invariance. This is due to the algorithm's utilization of the mean value of the selected 

matrix to generate the binary pattern. By doing so, it effectively filters out noise, resulting 

in more robust fault diagnosis. 

Figure 4-10  depicts the results of applying LBP and ALBP to the spectrogram of healthy 

data. The figure demonstrates that the gray pattern using ALBP is clearer and smoother. 

LBP exhibits high sensitivity to noise and signal variations. 

  

Figure 4-10:Comparison of LBP and ALBP on spectrogram analysis for healthy data. 

It is important to note that since the data used for training and testing the model is 

collected on different days, there may be additional sources of noise and variability 

present in the training and testing datasets. This phenomenon is referred to as 'day-to-

day variation' in this paper. It is worth highlighting that many existing models struggle to 

effectively handle this type of variability within datasets, often resulting in failures during 

the testing phase. This paper delves into the challenges posed by day-to-day variation 

and explores potential strategies to mitigate its impact on model performance. 

In the initial evaluation, only the data from the first axis of the accelerometer are used for 

training and testing the models. The diagnosis using five different training models is 

shown in Table 4-5 for both LBP and the proposed method with ALBP algorithms. It can be 

seen that the diagnosis rate of the LBP algorithm is highly dependent on the type of the 

training model, with accuracy ranging from 78.6% to 91%. The diagnosis accuracy of the 

proposed method with ALBP algorithm is less dependent on the type of the training model, 
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and the accuracy ranges from 95.3% to 98.8%, which is a high accuracy level for bearing 

fault diagnosis. It is important to note that, in Table 4-5, only the first axis of the 

accelerometer data is used for training and testing the model, further demonstrating the 

algorithm's effectiveness in isolating and diagnosing faults. 

Table 4-5: Diagnosis results of different models using LBP and ALBP and first axis of the acetometer 

data. 

MODEL NAME LBP 

(TESTING 

ACCURACY %) 

ALBP 

 (TESTING 

ACCURACY %) 

NEURAL NETWORK 79.0 98.8 

KNN 91.0 97.4 

SUBSPACE DISCRIMINANT 

ENSEMBLE 

88.4 96.2 

LINEAR SVM 78.6 96.1 

KERNEL SVM 91.0 95.3 

TOTAL  85.6 96.8 

 

Table 4-6 demonstrates the relationship between the class numbers in the confusion 

matrices shown in Figure 4-11 and their association with healthy and faulty conditions. Figure 

4-11 displays the confusion matrices representing the highest accuracy achieved by both 

algorithms in both training and testing. 

Table 4-6: Condition and classes relation in the confusion matrix. 

CLASS CONDITION 

1 Healthy-Ater 

Market 

2 Fault1 

3 Fault2 

4 Fault3 

5 Fault4 

6 Fault5 

7 Fault6 
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8 Fault7 

9 Healthy-OEM 

 

In most plots in the Figure 4-12, it is evident that for each condition, whether healthy or 

faulty, two distinct clusters are formed. Each cluster corresponds to a day of data 

collection, with one cluster associated with data collected on day #1, used for training the 

model, and the other cluster related to day 2, which is used for testing the model. The 

primary goal of this study is to minimize the distance between the testing and training 

clusters while maximizing the separation between clusters representing different 

conditions.  

Figure 4-12a and Figure 4-12b are related to the algorithm without using LBP and ALBP. 

In this algorithm, the output of the STFT is directly used to extract statistical features. 

Using STFT on a noisy signal like an accelerometer is not an effective method for fault 

detection and diagnosis, as each day of testing creates a separate cluster for the 

condition. Moreover, within some of these clusters, such as after-market healthy and fault 

four, subclusters are formed even for data from the same day. 

Figure 4-12c to  Figure 4-12f illustrates why the LBP algorithm's performance is highly 

influenced by the type of training model. The reason is that in the ALBP, the distance 

between the clusters related to different days is less than the distance between each 

condition. As Figure 4-12f indicates, these distances between the clusters related to each 

day of testing have disappeared. 

Figure 4-12c presents a t-SNE plot for the LBP algorithm utilizing solely the first axis of 

accelerometer data. It is evident that LBP is affected by day-to-day variations. For 

instance, in the cases of fault 7 and fault 5, the distance between clusters representing 

the same condition is significantly smaller than the distance between clusters from 

different days. On the other hand, in Figure 4-12e, this issue is mitigated as clusters for 

different days become closer. This suggests that ALBP is less sensitive to day-to-day 

variations. This improvement can also be observed under other conditions. 

Figure 4-12d and Figure 4-12f display the impact of adding more axes of accelerometer 

signal data to the training dataset. In Figure 4-12f, it is evident that using all three axes of 
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data significantly improves the clustering of the data. One can observe only one cluster 

for most conditions, regardless of the day on which the data was collected. The only 

condition that still exhibits two clusters for different days of data is 'healthy after-market.' 

This phenomenon is due to the fact that data generated using after-market bearings tends 

to be noisier compared to OEM bearings data. After-market bearings are often produced 

by various manufacturers, and their quality can vary. Unlike OEM bearings, which are 

designed and manufactured to strict specifications, after-market bearings may not adhere 

to the same quality standards. Variations in bearing quality can introduce noise into the 

data. 

 

a  b  

c d 

Figure 4-11: Diagnosis confusion matrices Using only first axis of the acetometer data for the best result 

of each method: a) Training confusion matrix for LBP. b) Testing confusion matrix for LBP. c) Training 

confusion matrix for ALBP. d) Testing confusion matrix for ALBP. 
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a b 

c 

 

d 

 

e f 

Figure 4-12: t-SNE results: a) STFT data without using LBP and ALBP algorithms only with first axis of 

the accelerometer attached to the BSG. b) STFT data without using LBP and ALBP algorithms with all 
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axes of the accelerometer attached to the BSG. c) LBP algorithm using only the first axis of the 

accelerometer attached to the BSG. d) LBP algorithm using all axes of the accelerometer attached to the 

BSG. e) ALBP algorithm using the first and second axes. f) ALBP algorithm using all three axes of the 

accelerometer. 

Table 4-7 presents the classification accuracy results for different models applied to both 

ALBP and LBP, utilizing data from all three axes of the vibration sensor. These results 

offer valuable insights into the performance of these algorithms in diagnosing the 

condition under study. The findings reveal that, on average, the ALBP algorithm 

demonstrates an outstanding overall accuracy of 99.3% for diagnosis, showcasing its 

remarkable diagnostic capability. In contrast, the LBP algorithm achieves an accuracy of 

93.5%, still a commendable performance but notably lower than ALBP. One notable 

observation from these results is that the ALBP algorithm appears to exhibit remarkable 

robustness across various classifiers. Regardless of the specific classifier employed, all 

classifiers consistently yield very high accuracy rates for diagnosis when paired with 

ALBP. This consistency suggests that the ALBP algorithm's effectiveness is less 

dependent on the choice of classifier, making it a robust choice for this diagnostic task. 

Conversely, the LBP model's performance exhibits sensitivity to the choice of classifier. 

The accuracy of the LBP model ranges from 86.7% to 99.6% depending on the classifier 

used. This variance indicates that the LBP algorithm's performance can be significantly 

influenced by the classifier selection. Therefore, when utilizing LBP for diagnosis, careful 

consideration of the classifier is crucial to ensure optimal results. 

Table 4-7: Diagnosis results of different models using LBP and ALBP and all axes of the acetometer data. 

Model name LBP 

(Testing Accuracy 

%) 

ALBP 

(Testing Accuracy 

%) 

Neural Network 88.1 99.0 

KNN 94.6 99.8 

Subspace Discriminant 

Ensemble 

86.7 99.0 

Linear SVM 98.8 99.6 

Kernel SVM 99.6 99.4 
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Total 93.6 99.4 

Further comparison with the model by Yuan et al.  (Yuan et al. 2020) reveals additional 

insights. Yuan et al.'s model achieves 100% diagnostic accuracy with a random split of 

training and testing data. However, when evaluated using our proposed methodðtraining 

on one day's data and testing on another day's dataðtheir model's diagnostic accuracy 

drops to 80%. The confusion matrix for Yuan et al.'s model is shown in FIGURE 4-13. In 

contrast, our proposed method achieved 99.8% diagnostic accuracy for the same testing 

data using the KNN classifier, effectively addressing the day-to-day variation within the 

data. 

FIGURE 4-14 provides the t-SNE plot for the CNN-SVM model developed by Yuan et al., 

while Figure 4-12 f shows our ALBP model. The t-SNE plot illustrates that ALBP 

effectively handles domain shifts and data variability, forming a single cluster for each 

condition across different testing days. In contrast, the CNN-SVM model shows separate 

clusters for each condition and testing day, indicating less robustness to variability. 

 

FIGURE 4-13. The confusion matrix for Yuan et al.'s (Yuan et al. 2020) model using all three axes of the 

accelerometer. 
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FIGURE 4-14. The t-SNE plot of the ALBP CNN-SVM model that was published by Yuan et al. in IEEE 

Access in 2020 (Yuan et al. 2020). 

 

4.5 Conclusion 

In conclusion, our study demonstrates that the Adaptive Local Binary Pattern (ALBP) 

algorithm outperforms traditional Local Binary Patterns (LBP) and the CNN-SVM model 

in terms of fault diagnosis accuracy for bearing health monitoring. ALBP achieves 

superior accuracy, ranging from 99% to 99.8%, compared to LBP's 88.1% to 99.6% and 

CNN-SVM's 80%. This improvement is achieved without significantly increasing 

computational complexity. 

ALBP's success is attributed to its noise invariance through mean value utilization in 

binary pattern generation, enhancing diagnostic robustness. Day-to-day data variations 

pose a challenge, particularly evident in LBP's sensitivity compared to ALBP's resilience. 

Integrating all three axes of vibration data generally improves clustering, though 'healthy 

AM' bearings exhibit more variability. 

Further analysis across classifiers confirms ALBP's consistently high accuracy, averaging 

99.4%, highlighting its reliability across different conditions. In contrast, LBP's 

performance varies more with classifier selection, averaging 93.6%. These findings show 

ALBP's potential to enhance machinery health monitoring systems in practical 

applications.  
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5.1 Abstract  

Electric motors are critical in many industries, making effective fault detection and 

diagnosis (FDD) essential. Bearing faults, a major cause of motor failures highlights the 

need for early detection to reduce costs. This study tackles domain shift by generating 

diverse bearing fault combinations to build a comprehensive dataset. Experimental 

validation uses a Belt-Starter Generator (BSG) system with Specialty Motor Testing 

equipment, collecting vibration and sound data via accelerometers and microphones. This 

study introduces two novel strategies to tackle domain shifts in bearing fault detection 

and diagnosis, which are crucial for robust and accurate fault detection performance. The 

first method utilizes statistical multi-sensory multiblock analysis to address domain shift 

with high accuracy and processing speed. Multiblock methods partition variables into 

distinct blocks to improve model interpretation and monitoring. This methodology is 

essential for elucidating relationships across multiple variables, a process commonly 

referred to as "data fusion.ò The outcome of this method demonstrates that employing 

multi-sensory measurements and conducting latent variable analysis can effectively 

resolve the issue of domain shift between training and testing datasets. The second 

method combines single-sensory analysis with domain adaptation principal component 

analysis (DAPCA) to address domain shift challenges. This approach adjusts the 

optimization problem and incorporates weights for data point pairs, enhancing principal 

components for classification tasks. DAPCA maximizes a weighted sum of three 

functions: (1) the squared distances between projections of different classes and the 

squared distances within the same class for source data, (2) the squared distances 

among projections for target data, and (3) the squared distances between a target point 

and its k nearest source projections. This study extends DAPCA from binary to multi-class 

problems. 
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Both models achieve high detection and diagnostic accuracy (above 99 %) while 

remaining invariant against dataset variations. Models are compared with the CNN-SVM 

model, which achieved 80% accuracy. Proposed methodologies offer a promising 

solution for real-world applications in electric motor fault detection systems, providing 

insights into feature engineering and domain adaptation approaches tailored for reliable 

fault diagnosis. 

5.2 Introduction 

Electric motors are used extensively across industries and households, and they power 

a diverse range of equipment, from wind blowers to compressors (Saidur 2010). As the 

demand for clean energy rises (Cuma and Koroglu 2015), there is a growing interest in 

transportation electrification, driven by the necessity for sustainable solutions (Bostanci 

et al. 2017). Electric motors are susceptible to various stresses during operation, which 

can result in the emergence of faults and subsequent failures (Konar and Chattopadhyay 

2011). Industries heavily rely on these machines, and a catastrophic failure can be very 

costly. Therefore, efficient Fault Detection and Diagnostic (FDD) techniques can be 

critically important. The main causes of motor failures include bearing faults, insulation 

faults, and rotor faults (Nandi, Toliyat, and Li 2005). Bearing faults are widely 

acknowledged as the most common type of failure in rotating electric machines, 

responsible for 30% to 40% of these incidents (Khan et al. 2023). Detecting bearing faults 

early enables replacing just the bearings, resulting in substantive savings. For example, 

while swapping out an entire 100-hp electric motor might cost about US$7500, changing 

its bearings alone would cost approximately US$250 (Devaney and Eren 2004). 

As a bearing becomes defective, there is a notable increase in noise, vibration, and heat, 

with magnitudes increasing over time. Consequently, numerous methods for detecting 

bearing faults have been devised (Choudhary et al. 2023). Fault diagnosis methods fall 

into three main categories: quantitative model-based methods (Venkatasubramanian, 

Rengaswamy, Yin, et al. 2003), qualitative model-based methods (Venkatasubramanian, 

Rengaswamy, and Kavuri 2003), and process history-based methods 

(Venkatasubramanian, Rengaswamy, Kavuri, et al. 2003). Unlike model-based 

approaches, which require prior knowledge of the process, process history-based 

methods rely solely on large amounts of historical data. Raw sensory data can be 
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converted into prior knowledge by extracting features, which can be either descriptive or 

numerical. Statistical feature extraction methods encompass Principal Component 

Analysis (PCA)/Partial Least Squares (PLS) and statistical pattern classifiers 

(Venkatasubramanian, Rengaswamy, Kavuri, et al. 2003). PCA, a widely recognized 

method in multivariate analysis, was initially suggested in 1901 and further developed by 

Hotelling several years later (Kemsley 1996). Quality control involves identifying special 

causes, such as outliers, level shifts, trends, or patterns, which indicate out-of-control 

situations (Miller, Swanson, and Heckler 1998). When dealing with processes measured 

by multiple sensors or variables, often correlated, multivariate quality control techniques 

analyze the entire dataset, considering variable correlations, to detect such special 

causes (Miller, Swanson, and Heckler 1998). Chen et al. (Chen, Yu, and Wang 2020) 

introduced an innovative approach for identifying early damage caused by environmental 

factors using static monitoring and multivariate statistical techniques. The approach 

merged measurements for easy real-time use. The analysis showed that despite the 

noise, it can detect a 1% stiffness reduction in stay cables. Villalba et al. (Villalba, Sanchis, 

and Ferrer 2019) introduced a graphical user interface that applies a PCA-based 

Multivariate Statistical Process Control (MSPC) strategy to a distillation column model. 

The Simulink model is adaptable to various scenarios, including noise addition, changes 

in feed and operating conditions, design constraints, and simulated failures.  

In rotary machines, events occur periodically. To fully understand the behavior of these 

systems, relying solely on PCA-based MSPC is not sufficient. It is essential to analyze 

the frequency of information in the systems. One conventional method for understanding 

frequency domain data from the time domain for stationary signals is through the Fast 

Fourier Transform (FFT). Pandarakone et al. (Pandarakone et al. 2018) addressed 

practical faults, like scratches on bearing surfaces, and proposed an online diagnosis 

method using deep learning. They utilized a Convolutional Neural Network (CNN) to 

characterize faults. By analyzing the stator's load current through a fast Fourier transform, 

key frequency components are extracted for CNN training. Experimental tests validate 

the method's effectiveness under various bearing fault conditions, including multiple 

faults. However, in their work, the data are randomly split into training and testing 

datasets. Randomly splitting the data might sometimes miss some variabilities, which 
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could be a limitation of this evaluation strategy. For example, the probability distribution 

of the dataset can change due to environmental factors such as humidity and 

temperature. It means that if the model is tested with data from a different day, it may fail 

to diagnose the fault accurately. 

Traditional machine learning assumes that training and test data have the same 

probability distribution. However, real-world data can vary due to factors such as different 

sources or outdated information (Farahani et al. 2021). This variation can lead to 

decreased model performance when applied to new data. This phenomenon is known as 

the domain gap (You et al. 2020)(Na et al. 2021; Li et al. 2020; Wang and Deng 2018; 

Tong et al. 2018) in recent machine learning processes. Domain adaptation and transfer 

learning are specialized areas within the realm of FDD that are dedicated to addressing 

such viability (Habrard 2014). In addition to transfer learning approaches and Domain 

Adaptation PCA (DAPCA) (Mirkes et al. 2023), a solid feature representation should 

effectively bridge the gap between domains while preserving essential properties.  Mao 

et al. (Mao et al. 2022) introduced the Fusion Domain-Adaptation CNN (FDACNN), which 

integrates images and vibration signals. These data are combined with infrared thermal 

images to create fusion data samples for model training. In the domain-adaptation 

network training stage, a features extractor, domain discriminator, and state classifier are 

built. Through adversarial training, domain-invariant features are extracted from fusion 

samples, facilitating the classification of healthy states. 

This study addresses the critical challenge of domain shift in bearing fault detection for 

electric motors by proposing two innovative solutions. The data collection process 

includes careful readings from a Belt-driven Starter Generator (BSG), capturing a range 

of motor conditions from healthy to various bearing faults. The experiments and data 

collection were done meticulously over two distinct sessions. A comprehensive dataset 

was collected, enabling a rigorous analysis of data variability and its impact on the 

proposed methodologies. The first solution employs a novel multi-block multivariate 

feature engineering approach, integrating latent variable analysis to effectively handle the 

complexity inherent in multi-sensory measurements. This method capitalizes on the 

interplay between different sensor outputs to extract informative features, enhancing fault 

detection accuracy. In contrast, the second solution is tailored for scenarios where only 
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single sensory measurements are available. Leveraging advanced domain adaptation 

techniques, this method effectively bridges the gap between training and target domains, 

mitigating the adverse effects of domain shifts on fault detection performance. The study's 

primary contribution lies in its adept management of domain shifts between the training 

and target data domains by both proposed models. By demonstrating robust performance 

across varied industrial settings, these solutions emerge as highly effective tools finely 

tuned for real-world application in electric motor fault detection systems. 

5.3 Approach and Experimental Setup 

This section provides an overview of the experimental setup, including the equipment 

used and the data collected across two distinct days. The collection of data over two days 

allows for the incorporation of day-to-day variations into the dataset, enhancing its 

representativeness and robustness. Following this, the section proceeds to elucidate the 

intricacies of two proposed methods aimed at detecting and diagnosing bearing faults 

with precision and accuracy. 

5.3.1 Domain Adaptation PCA (DAPCA) 

Most statistical learning techniques rely on the assumption that both training and test data 

originate from the same underlying probability distribution to generalize effectively 

(Daumé and Marcu 2006). Unfortunately, it is frequently inaccurate to assume that 

training and test data arise from identical distributions (Alaiz-Rodríguez, Guerrero-

Curieses, and Cid-Sueiro 2011). In our specific case, this discrepancy arises due to 

random measurement noise and ambient changes, leading to dissimilar distributions 

between the training and testing data. 

Domain shift poses a challenge in translating research outcomes into practical 

applications. One common approach is to collect and annotate a new dataset for the 

target domain, then retrain or fine-tune the model. However, this solution is expensive 

and impractical (Li et al. 2020). Other methods to solve the domain gap include feature 

engineering (Liu 2018), multisensory measurement, domain adaptation (Wang and Deng 

2018), and transfer learning (Zhuang et al. 2021) solutions. In this study, the focus is on 

utilizing feature engineering and domain adaptation methods through PCA. 
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In machine learning, domain adaptation is a widely utilized method aimed at managing 

the disparity between labeled training and validation datasets, known as the source 

domain, and a potentially extensive unlabeled dataset, referred to as the target domain 

(Figure 5-1) (Mirkes et al. 2023).  

 

Figure 5-1: Domain adaptation concept (Mirkes et al. 2023). 

To develop domain adaptation through PCA, it is essential to ensure close alignment 

between data points from the target domain and similar ones from the source domain.  

PCA maximizes the sum of squared distances among data point projections: 

Ὄ В ὖὼ ὖὼ В ὖὼ ὼȟ ᴼάὥὼȟ  (1) 

Where, ὼᶰᴙ  is data vectors, and ὖ is an orthogonal projector onto a ή-dimensional 

plane. Gorban et al. (Gorban et al. 2021) demonstrated that adjusting the optimization 

problem and incorporating weights for data point pairs greatly enhances principal 

components for classification tasks, enriching their information content: 

Ὄ В ὡ ὖὼ ὖὼ ᴼάὥὼȟ  (2) 

DAPCA improves upon this approach by maximizing a weighted sum of three specific 

functions (Mirkes et al. 2023): 



Ph.D. Thesis ς Hosna Geraei 
McMaster University ς Department of Mechanical Engineering 
 

117 
 

1. For the source data, it maximizes the sum of squared distances among different 

class projections and the weighted sum of squared distances among the same 

class projections. 

2. For the target data, it maximizes the sum of squared distances among projections. 

3. Between the source and target data: it maximizes the sum of squared distances 

between a target point projection and its Ὧ nearest projections from the source. 

A fundamental technique, such as k-Nearest Neighbors (kNN), will be employed to 

evaluate the alignment between data points in the target domain and their closest 

counterparts in the source domain [12]. This approach is crucial for measuring how well 

the projection of a data point from the target domain (Y) aligns with its k nearest neighbors 

from the source domain (X), which helps in assessing the effectiveness of the model in 

handling domain shift. The term 'effective attraction' will be introduced to describe the 

tendency of a projected data point from the target domain to gravitate towards its k closest 

projections from the source domain, reflecting the degree of similarity or alignment 

between the two domains. 

ὡ

ừ
Ử
Ử
Ử
Ử
Ừ

Ử
Ử
Ử
Ử
ứ

‏

ςὔὔ
     ὭὪ ᾀ ɴ ὢȟᾀ ɴ ὢȟὒ ὰ ὰ ὒ                              

‏

ὔ ὔ ρ
      ὭὪ ᾀ ɴ ὢȟᾀ ɴ ὢȟὰ ὰ ὒ                               

‍

ὔ ὔ ρ
     ὭὪ ᾀ ɴ ὣȟᾀ ɴ ὣ                                                       

π        ὭὪ ᾀ ɴ ὣȟᾀ ɵ  Ὧὔὔᾀ ὥὲὨ ᾀᶰὣȟᾀ ɵ  Ὧὔὔᾀ          
‎

Ὧὔ
      ὭὪ ᾀ ɴ ὣȟᾀ ɴ Ὧὔὔᾀ έὶ ᾀᶰὣȟᾀ ɴ Ὧὔὔᾀ             

σ 

In this context, ᾀ ɴ  ὢ ᷾  ὣ and ɓ represent the repulsion coefficient for the target dataset 

ὣ, while ‏ signifies the repulsion between distinct classes within the source domain ὢ. 

Here, ὔ  denotes the number of data points belonging to the class labeled as ὒ, and ‎ 

denotes the effective attraction coefficient between the projection of ώ ɴ  ὣ and the 

projection of each data point ὼ ɴ  Ὧὔὔώ (Mirkes et al. 2023). 
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5.3.2 Multivariate statistical process control 

Multivariate Statistical Process Control (MSPC) (J F MacGregor and Kourti 1995; 

Bersimis, Psarakis, and Panaretos 2007; Bakshi 1998) is widely used in quality control 

and process monitoring to manage multiple correlated process variables collected during 

industrial operations. These variables are often organized into data matrices that have 

less than full statistical rank, which means that they contain inherent correlations and 

redundancies. Latent variable methods, such as Principal Component Analysis (PCA), 

are particularly effective for extracting lower-dimensional subspaces from these matrices, 

helping to identify the underlying patterns and address various industrial challenges. 

Consider a dataset ὢ ὼȟὼȟỄȟὼ  where Ὧ variables are measured. The underlying 

concept of a latent variable model for the data proposes that the observed process is 

governed by a collection of ὥḺὯ latent variables. This latent variable space can be 

described by an orthogonal array of vectors ὸ ὸȟὸȟỄȟὸ  (John F. MacGregor 2004). 

A latent variable multivariate regression (LVMR) model can be described by utilizing data 

sets from two spaces, ὢ (with dimensions ὲ  Ὧ) and ὣ (with dimensions ὲ  ά): 

ὢ Ὕὖ Ὁ (4) 

ὣ Ὕὗ Ὕ (5) 

Assuming Ὁ and Ὂ represent random errors or residual space, the latent variable matrix 

Ὕ is modeled as linear combinations of the variables in ὼ: Ὕ ὢὡ (John F. MacGregor 

2004). The latent variable space produced by ὥ columns of Ὕȟ typically has a significantly 

smaller dimension compared to ὢ (and potentially ὣ as well). 

Various approaches exist for estimating the score matrix (Ὕ) and loading matrices 

(ὖȟὡȟὗ) within the latent variable model. These methods encompass techniques such as 

principal component analysis (PCA) applied to a single data matrix ὢ. 

Latent variable (LV) models are commonly utilized in industry to analyze historical data 

collected by process computers. Industrial engineers use latent variable (LV) models in 

two key ways. First, they apply these models retrospectively to analyze historical data 

over various time scales, identifying trends and inefficiencies that could lead to potential 

process enhancements. This long-term analysis allows engineers to uncover patterns in 
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the data that suggest opportunities for optimizing performance, improving product quality, 

or reducing costs. Second, LV models are employed immediately after process upsets 

for short-term troubleshooting. In these cases, engineers construct local LV models to 

quickly diagnose the issue, isolate the root cause, and implement corrective actions to 

restore normal operations. This real-time application helps to minimize downtime and 

maintain production stability. Key analysis tools involve score plots for tracking process 

movement in reduced dimensional space, loading plots to interpret variable groups 

associated with specific movements, and squared prediction error (ὛὖὉ) in both input (ὢ) 

and output (ὣ) spaces to detect abnormal situations: 

ὛὖὉ В ὼ ὼ  (6) 

ὢ Ὕὖ  (7) 

Where the ὢ is the predicted value for ὢ. 

Multivariate statistical approaches utilizing latent variable (LV) models employ non-causal 

models constructed from normal operational data. These methods serve as extensions 

of statistical process control (SPC) techniques, comparing the future operation of a plant 

with an LV model derived from historical data representing only "common cause variation" 

during acceptable performance periods. Detection of any abnormal behavior can occur 

through analysis of residual ὛὖὉ plots, score plots, or their Hotelling's Ὕ  equivalent: 

Ὕ В  (8) 

Here, ί represents the variance of ὸ derived from the normal or baseline dataset. After 

building the baseline model using ὖὅὃ, the next step is to utilize the pre-existing PCA 

model on new data, which involves several steps, as shown in Figure 5-2: 

1. Preprocess the raw data, ὢ . 

2. Project the preprocessed data onto the existing model to obtain scores 

represented as ὸᴂ   ὢᴂ   ὖ. 

3. Calculate the predicted values, denoted as ὢ ὸǲ ὖ. 
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4. Compute the residuals by subtracting the predicted values from the preprocessed 

data, leading to Ὡǲ ὢᴂ ὢ . 

5. Determine the Squared Prediction Error (SPE) for the new data, denoted as 

ὛὖὉ Ὡǲ Ὡ . 

This Ὡ  can be used as an indicator for detecting and diagnosing faults in new 

observations. 

 

Figure 5-2: The diagram of PCA-based Multivariate Statistical Process Control (MSPC) 

(Kevin Dunn, n.d.). 

 

5.3.3 Multi-Block PCA or Consensus PCA (CPCA) 

Multiblock methods (Smilde, Westerhuis, and De Jong 2003)(Qin, Valle, and Piovoso 

2001)(Westerhuis, Kourti, and Macgregor 1998) involve dividing variables into blocks to 

enhance model interpretation, monitoring, and fault detection. This approach is crucial for 

understanding relationships amongst multiple datasets, often termed "data fusion." (Kevin 

Dunn, n.d.) By organizing variables into blocks, analysts can better manage complex 

data, gaining deeper insights into patterns and interdependencies. This segmentation 

aids in clearer model interpretation and facilitates the detection of anomalies within the 

system, which is particularly beneficial when dealing with interconnected datasets. In 

collected data using the belt starter generator, where multiple sensors like vibrations and 
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microphones are employed, utilizing multiblock methods becomes advantageous. If there 

is an issue inside a sensor, it can be easily detected through this approach. 

Consider a data matrix, denoted as X, which is partitioned into ὄ blocks (ὢȟὢ, é, ὢ ), 

where each block ὦ contains ὑvariables (Westerhuis, Kourti, and Macgregor 1998). For 

example, in an industrial process, these blocks could represent different stages of 

production, with each block containing specific sensor measurements (e.g., temperature, 

pressure, flow rate). Each block is analyzed separately, generating scores and loadings 

that capture the underlying structure of the data, as well as statistical metrics like Squared 

Prediction Error (SPE), Hotelling's T², and R² values to assess model fit and detect 

anomalies. A 'super-level' or 'super-model' then combines the information from these 

blocks, integrating the individual block results in providing a holistic view of the entire 

system, helping to identify cross-block relationships and improve process monitoring. 

Steps for developing the supermodel using the NIPALS algorithm (Kevin Dunn, n.d.) are 

as follows and are also depicted in Figure 5-3 (Tanabe et al. 2021): 

1. Consider ὸ  as any column selected from any block, where ὥ represents the 

number of principal components, and ί stands for the supermodel. 

2. Obtain block loadings by regressing the column from ὢ  with respect to ὸ : 

ὴ ὢ ὸ Ⱦὸ ὸ  

3. Normalize the vector ὴ  so that its length becomes one. 

4. Compute the score of the block: 

ὸ ὢ ὴ Ȣ
ρ

ὑ
 

5. Combine block scores: Ὕ ὸ Ễὸ Ễὸ  

6. Perform regression of columns in Ὕ  onto the superscore, ὸ , to determine the 

loading at the super-level: 

ὖ Ὕ ὸ Ⱦὸ ὸ  
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7. Normalize ὖ  to unite length. 

8. Perform regression of rows in Ὕ  onto ὖ  to obtain the super-scores ὸ : 

ὸ Ὕ ὴ Ⱦὴ ὴ  

9. If convergence hasn't been achieved, revert to step 2. 

10. Upon convergence, deflate each block with the super-score.: 

ὢ ὢ ὸ ὴ  

The expression ὸ ὴ  represents the block prediction derived from the super-score ὸ , 

rather than the block's score. This approach offers improved interpretation by allowing 

separate monitoring and fault detection for each block, enhancing granularity and 

specificity in analysis. 

 

Figure 5-3: The architecture of consensus PCA. 

 

5.3.4 Signal Processing 

As the measured signals are stationary, it is recommended to use the Fast Fourier 

Transform (FFT) to obtain the frequency information of the sensors. Before applying FFT, 

the data is segmented into 100 segments with a size of 480 and scaled using the mean 
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and standard deviation of the baseline data. The sampling frequency of microphones and 

accelerometers is 48 kHz meaning that Nyquist frequency is 24 kHz. After segmentation, 

in an iterative process, each segment is detrended to remove any linear trend or DC offset 

from the data. A low-pass Butterworth filter with order four and a cutoff frequency of 0.3 

times Nyquist frequency is applied to remove high-frequency components that might 

interfere with the FFT results. Then, a Hamming window with the size of the segment is 

applied to reduce spectral leakage in the Fourier Transform. Next, the Fast Fourier 

Transform (FFT) of the segment data is computed to obtain the frequency-domain 

representation. Additionally, it is important to note that the absolute value of the single-

side power spectrum is computed. Finally, a moving average with a window size of 5 is 

applied to smooth the FFT result, reducing noise and improving readability (Figure 5-4). 

After applying these steps, 240 frequency components are obtained for each segment. 

This means that for each day of data, each condition has 100 observations and 240 

frequency components.  

 

Figure 5-4: Signal Processing steps. 

 

. 

5.3.5 Proposed Strategy to Address the Domain Gap in Bearing Fault Detection and 

Diagnosis 

As discussed earlier in 5.3.1, one common approach for dealing with domain shifts 

between training and testing data is using domain adaptation solutions. In this study, two 

new architectures (Figure 5-5 and Figure 5-6) are proposed to overcome domain shift 

Raw data
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without introducing positive and negative weights between pairs of data points, as done 

in DAPCA. Although DAPCA offers a practical solution for single sensory measurements, 

its optimization processing time is not suitable for real-time applications where data must 

be processed in less than a second. Hence, in this study, a multi-sensory multi-block 

domain adaptation method is designed to address domain shift with both high accuracy 

and processing speed. 

This strategy investigates two distinct steps: 

1. The multi-block multivariate statistical analysis for one sensor 

2. The multi-block multivariate statistical method for multiple sensors 

In the first step (Figure 5-5), after extracting frequency components using signal 

processing, the frequency components are segmented into ten separate blocks from low 

to high frequency. This means that the first block contains frequencies from 0 kHz to 2.4 

kHz, the second block contains frequencies from 2.401 kHz to 4.8 kHz, and the tenth 

block includes frequencies from 21.601 kHz to 24 kHz. Each block has 100 observations 

and 24 variables, which is equal to the number of frequency components inside the block. 

Then, the super loading and super score of the model are calculated using the CPCA 

method explained in 5.3.3. According to this method, each sensor has a supermodel with 

ten features and 100 observations. 

In the second step (Figure 5-6), each sensor's data and its corresponding super score 

and loading are considered separate blocks. This means that in this step, the number of 

blocks is 8, including three axes of the first accelerometer, three axes of the second 

accelerometer, microphone 1, and microphone 2. Each block has ten features that are 

calculated from the previous step and 100 observations. The supermodel in this step has 

eight variables, which is equal to the number of sensors and 100 observations. 

Each block, whether in step 1 or 2, has a separate SPE that can be used as an indicator 

for detecting and diagnosing faults. In the following sections, the results of each block 

and their accuracy and consistency over two days of testing are investigated.  

This method of evaluating a model is more accurate because randomly splitting the entire 

dataset into testing and training sets often results in 100% accuracy, which does not 
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account for day-to-day variations that cause different probability distributions in the data. 

The reason for this is investigated by Huang et al. (Huang et al. 2021), who explores the 

impact of environmental factors such as temperature and humidity on accelerometer 

bandwidth, noting a potential 25% degradation due to common variations. They suggest 

using specific materials and a modification design to mitigate these effects, offering a 

roadmap for achieving stable and broad accelerometer bandwidths. Also, Gao et al.(Gao 

et al. 2015) concluded that data obtained from the temperature experiment demonstrate 

how the output value of the accelerometer fluctuates in response to changes in 

temperature.  

Given that the calibration parameters of a triaxial accelerometer fluctuate with 

environmental conditions, particularly temperature changes [8], both the gain factors and 

biases alter each time the sensor is activated. Hence, it is imperative to recalibrate the 

accelerometer prior to use or in the event of substantial temperature fluctuations. 

Nevertheless, despite calibration before each run, the presence of variations between 

consecutive runs remains inevitable. This emphasizes the critical need for a robust FDD 

model that remains invariant to such variations. 

It should be noted that, in this study, to evaluate the consistency of the FDD model, the 

model is trained on one day and then tested on another day. 
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Figure 5-5: Step 1. The multi-block multivariate statistical method for one sensor. 
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Figure 5-6: Step 2. The multi-block multivariate statistical method for multiple sensors. 

5.3.6 Experimental Setup and Data  

The experiments were conducted on Belt-Starter Generators (BSGs). The testing setup 

integrates the HT-250 Specialty Motor Testing equipment from D&V Electronics with an 

automotive Belt-Starter Generator (BSG) system (Figure 5-7) (Geraei et al. 2024). The 

HT-250 is equipped with a dynamometer that allows for precise adjustment of torque and 

speed, complemented by a Battery Simulator (BSIM), which regulates the voltage and 

current. Connecting the dynamometer to the BSG is a belt with a drive ratio of 2.2.  
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Figure 5-7: The BSG (left) and HT-250 Specialty Motor Testing (right) (Geraei et al. 2024). 

Two acetometers collected the BSG's vibration through the test bench. The signals were 

collected using the triaxial accelerometers from ICP (Model-356A16). One accelerometer 

was mounted on the right side of the BSG motor's chassis (Figure 5-8); the second one 

was mounted below the test bench (see Figure 5-9). Microphone #1, positioned inside 

the chamber and located above the BSG motor, is oriented towards the motor (Figure 

5-10). Microphone #2, situated above the HT-250 tester, is directed downward toward the 

chamber (Figure 5-11). The HT-250 records data from all sensors at a sampling 

frequency of 48 kHz. 

This study focuses on bearings contamination faults. Multiple bearings were put through 

different conditions to simulate these faults. 

Three common types of ball bearing faults were physically simulated and studied: defects 

in the inner and outer tracks, as well as defects in the ball bearings themselves. Holes 

were created in both the inner and outer tracks to simulate these faults (Table 5-1)). The 

specifications of the bearings used for these simulations are detailed in Table 5-2, and 

Figure 5-12 provides a close-up view of the bearing faults. In the faulty cases, each 

bearing under test had a combination of at least two defect conditions. The healthy 

bearings, labeled as Original Equipment Manufacturer (OEM) and After Market (AM), 

were not altered and retained their original lubricant filling. The OEM bearing is the original 

factory-installed bearing used for testing with the BSG, while the AM bearing, with similar 

dimensions to the OEM, was selected to simulate fault conditions and undergo testing. 

 

 



Ph.D. Thesis ς Hosna Geraei 
McMaster University ς Department of Mechanical Engineering 
 

129 
 

 

 

Figure 5-8: Acetometer 1, 

mounted on the right side of the 

BSG motor's chassis (Geraei et 

al. 2024). 

 

Figure 5-9: Acetometer 2, 

mounted below the test 

bench (Geraei et al. 2024). 

 

 

Figure 5-10: Microphone 1, 

positioned inside the chamber 

and located above the BSG 

motor. 

 

Figure 5-11: Microphone 2, 

situated above the HT-250 

tester. 

  

Table 5-1: Bearing faults conditions (Geraei et al. 2024). 

 
Inner race 

(1 mm2) 

Outer race 

(1 mm2) 
 

Ball bearing 

(1 mm2) 
 

Healthy-OEM Bearing    

Healthy-AM Bearing    

Fault #1  x x 

Fault #2 x  x 

Fault #3 x x  
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Table 5-2: Test bearing specifications. 

Parameter  Value  

Bearing  SKF 6305-2RS1/C3  

Bearing type  
Deep groove ball bearing with 

seals  

Bore diameter  25mm  

Outside 

diameter  
62mm  

Width  17mm  

Number of balls  7  

Grease  Shell Gadus S2 V1003  

Bore type  Cylindrical  

Cage  Sheet metal  

Bearing 

material  
Bearing steel  

Sealing  Sealing on both sides  

 

Fault#1  

 

Fault#2 

 

Fault#3 

 

Figure 5-12: Close-up of bearing faults (Geraei et al. 2024). 
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The following sections focus on the approach used to design a robust FDD (Fault 

Detection and Diagnosis) algorithm capable of accurately detecting and diagnosing faults 

generated on the BSG while also remaining invariant to the variability present in datasets. 

5.4 Results and Discussion 

The violin plot is utilized for data visualization due to its ability to effectively convey 

multiple statistical features of a variable (Hintze and Nelson 1998). It combines the key 

aspects of box plots, such as center, spread, asymmetry, and outliers, with the additional 

advantage of incorporating local density estimates (Hintze and Nelson 1998). 

Figure 5-13 displays the violin plot for healthy time-domain data of the BSG for all sensors 

over two different days of testing. Each violin plot represents the distribution of data from 

a sensor, providing insight into their variability and central tendencies. It is evident that 

different sensors produce data with vastly different scales, as indicated by the varying 

widths and shapes of the violin plots. The width of the violin at any given point represents 

the probability density of the data at that value, with wider sections indicating higher 

density. Therefore, wider sections imply more data points clustered around that value. 

If these raw values are used directly without normalization, the FDD model might assign 

more weight to features with larger scales, potentially resulting in biased results. 

Normalization, as depicted in Figure 5-14, is crucial for ensuring fair comparison and 

accurate modeling across sensors with different scales. Figure 5-14 shows the 

normalized data for the same condition, represented by violin plots colored red for day #1 

and blue for day #2. After normalization, the shape and spread of the distributions remain 

consistent between the two days, suggesting stability in the data over time. 

Figure 5-15 depicts the violin plot illustrating the lower frequencies of the FFT output of 

data post-segmentation. This serves as an example demonstrating that although day-to-

day variation may not be visible in time-domain data, it does indeed exist in the frequency 

domain. In the frequency domain, shifts in dominant frequency components due to factors 

such as temperature changes or the emergence of additional peaks are noticeable, 

whereas they might not be discernible in time-domain data (Qureshi et al. 2018). 

Additionally, noise in the time domain can obscure important signal details, but in the 
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frequency domain, noise spreads out, making underlying patterns clearer as peaks or 

changes in the frequency spectrum. 

 

Figure 5-13: Violin plots depicting healthy data from different sensors in the time domain before centering 

and scaling. 

 

 

Figure 5-14:Violin plots depicting healthy data from different sensors in the time domain after centering 

and scaling. 
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Figure 5-15: Violin plots depicting healthy data at low frequency for accelerometer #1. 

Figure 5-16 shows the t-distributed Stochastic Neighbor Embedding (t-SNE) plot of 

healthy data for both OEM and AM bearings, as well as different faulty data over two 

separate days for accelerometer #1. It is evident that distinct clusters of data are formed 

for each day. This phenomenon is called domain shift, wherein the training data clusters 

exhibit a different probability distribution than the target or test data. In this study, the 

training data are selected from day #1, while the testing data are drawn from day #2. This 

selection process is instrumental in ensuring robustness and accuracy during testing, 

thereby necessitating the use of domain adaptation methods. 




































































































































































