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Abstract 

 

Machine health and condition monitoring are billion-dollar concerns for industry. Quality control 

and continuous improvement are some of the most important factors for manufacturers to 

consider in order to maintain a successful business. When work floor interruptions occur, 

ŜƴƎƛƴŜŜǊǎ ŦǊŜǉǳŜƴǘƭȅ ŜƳǇƭƻȅ ά.ŀƴŘ-!ƛŘέ ŦƛȄŜǎ ŘǳŜ ǘƻ ǊŜǎƻǳǊŎŜΣ ǘƛƳƛƴƎΣ ƻǊ ǘŜŎƘƴƛŎŀƭ ŎƻƴǎǘǊŀƛƴǘǎ 

without solving for the root cause. Thus, a need for quick, reliable, and accurate fault detection 

and diagnosis methods are required. 

Within complex rotating machinery, a fundamental component that accounts for large amounts 

of downtime and failure involves a very basic yet crucial element, the rolling-element bearing. A 

worn-out bearing constitutes to some of the most drastic failures in any mechanical system next 

to electrical failures associated with stator windings. The cyclical motion provides a way for 

measurements to be taken via vibration sensors and analyzed through signal processing 

techniques. Methods will be discussed to transform these acquired signals into usable input data 

for neural network training in order to classify the type of fault that is present within the system. 

With the wide-spread utilization and adoption of neural networks, we turn our attention to the 

growing field of sequence-to-sequence deep learning architectures. Language based models have 

since been adapted to a multitude of tasks outside of text translation and word prediction. We 

now see powerful Transformers being used to accomplish generative modeling, computer vision, 

and anomaly detection -- spanning across all industries. 

This research aims to determine the efficacy of the Transformer neural network for use in the 

detection and classification of faults within 3-phase induction motors for the automotive industry. 

We require a quick turnaround, often leading to small datasets in which methods such as data 

augmentation will be employed to improve the training process of our time-series signals. 

Keywords: Transformers; Neural Networks and Deep Learning; Fault Detection and Diagnostics; 

Time Series Data, Electric Motors and Rotating Machinery; Sound and Vibration; Sensors and 

Signals; Data Augmentation and Pre-Processing; Hyperparameter Tuning 
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/ƘŀǇǘŜǊ м 

1 Introduction 

1.1 Overview (FDD) 

With advancing technologies leading to increased automation and Industry 4.0, we see huge leaps 

in production efficiency compared to days of the past. Parts and components are being churned 

ƻǳǘ ƻŦ ƳŀǎǎƛǾŜ άƎƛƎŀ-ŦŀŎǘƻǊƛŜǎέ ŀǘ extraordinary rates, but what happens when something goes 

wrong? With the competitive nature of manufacturing companies, any amount of downtime that 

is not near perfect is unacceptable -- this gives rise to Machine Health and Condition Monitoring. 

Traditionally, legacy companies resort to fixing machinery as they break or replace them as they 

become too old to service. Condition monitoring aims to extend the life of these workhorses by 

introducing scheduled maintenance programs and estimating potential failures that may occur in 

the short-term and long-term. They provide a measurable index that assigns each piece of 

machinery their respective health levels and how it can impact the system as a whole. It is 

estimated that companies invest between $10,000-$20,000 USD per year in condition monitoring 

equipment and services with a return of $500,000 in savings annually [1]. This figure represents 

40%ς50% of operating costs if the company were to maintain the machinery reactively [2]. 

Preventive maintenance is one half of the condition monitoring system that deals with creating 

service intervals to increase the overall life expectancy of the machines. This is preferred by 80% 

of the industry due to several reasons: it beats the high costs of reactive maintenance, reduces 

the burden of expectancy, and requires less skilled knowledge than operating predictive methods 

[3]. All-in-one systems such as Dynatrace and Fluke provide companies with a solution to save 

them from costly repairs and unexpected downtime in the long run. Predictive maintenance is 

highly cost effective with an even greater amount of savings at 8%-12% compared to preventive 

measures which is why the current trend is to implement condition monitoring software [4]. These 

systems use a series of Fault Detection and Diagnosis (FDD) methods to monitor machines for 

potential weaknesses and to address them appropriately. 
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In this research, we will explore the primary methods in which FDD can be implemented for 

applications such as predictive maintenance. Firstly, we look at the process in which constitute all 

methods shown in figure 1. Before a diagnosis can be given, we must first identify where the fault 

lies through its detection. A collection of sensor data, which may come from voltage, current, 

sound, and vibration sensors are drawn from either pre-existing or newly installed sensors. For 

multivariate analysis, you can combine the use of different types of data, we will go over this in 

the following chapter. Once the data is acquired, and sampled at an appropriate frequency, we 

apply data processing in order to clean and shape it into a form that is legible by either human or 

computer-aided intervention. Such process involves the removal of duplicate samples, filling 

incomplete datapoints, synchronizing starting points, and more. After clean data is achieved, 

transformations such as the Discrete Fourier Transform (DFT) can be calculated and the results 

plotted to give the user a visual on the frequencies or waveforms found within the sensor data. 

Depending on the type of FDD method used, one can be in the time, frequency, or time-frequency 

domains using tools such as the Fast Fourier Transform (FFT), Short-Time Fourier Transform 

(STFT), or Wavelets. This should allow the operator to describe whether the machine is functioning 

normally versus a scenario where one or many faults are found. Through the transformed data, it 

can now be used as input into 1 of 3 types of Fault Diagnosis methods: 

1. Data Driven (AI) 

2. Model-Based  

3. Signal Processing  

 

Figure 1: Fault Detection and Diagnosis Flowchart 
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Figure 2: Fault Detection and Diagnosis Methods 

Data-driven methods utilize the fast processing capabilities of computer programming to scan 

through samples quickly in either sequential or parallel modes. It involves the use of machine 

learning algorithms of any complexity: from basic rule-based algorithms to deep learning neural 

networks. They require large amounts of supervised or non-supervised data for training purposes 

which may be difficult to collect especially in time-constrained tasks. However, they can be used 

for any type of physical fault as well as having the ability to automatically learn representations 

and features. Transformer-based neural networks are examples of data-driven methods. 

Model-Based methods consist of complex mathematical models which require high precision in 

its formulas and machine parameters [5]. However, they can be one of the fastest implementing 

methods once the creation and validation is completed. A benefit to a fully digital model is that 

new faults can be introduced and values can be adapted on the fly for different blocks. They take 

long periods of time to develop and the sensitivity depends on how accurate the model predicts. 

Fault detection with parameter estimation and inference is an example of a model-based method. 

Signal Processing methods are generally used in conjunction with the aforementioned methods 

due to their powerful transformations and statistical tools. They provide strong features that are 

mathematically proven to characterize a fault signature without fail. These methods are also the 

simplest in terms of creating indices that can be visualized and compared such as the standard 

deviation and variance. However, they do not work well with complex dynamic systems due to 
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their high computational costs and reference frame. Conditions that change frequently such as in 

rotating machinery are best suited during static conditions. Spectral transformations such as the 

Hilbert transform and Gabor transform are examples of signal processing methods [6]. 

 

1.2 Rotating Machinery and Electric Motor Fundamentals 

Adoption of hybrid and electric vehicle technology is trending at an extraordinary rate with 

advancements in power dense traction motors and efficiency increasing belted starter-generators 

(BSG). There are three main types of motors currently being used for these purposes in industry: 

1. 3-Phase AC Induction Motors (IM) 

2. Permanent Magnet Synchronous Motors (PMSM) 

3. Switched Reluctance Motors (SRM) 

Focus will be placed on the first 2 motor types due to SRMs requiring new innovations for their 

application to the automotive sector. Although SRMs are optimal for a wide range of RPMs, fast 

dynamic response, and redundancy for rare-earth permanent magnets, their high torque ripple 

and switching frequency requirements are too great to be widespread [7]. More research will need 

to be conducted before we see this motor type in vehicles globally. 

Both IM and PMSM use alternating current (AC) to control their rotating magnetic fields (RMF) 

which allow the rotor to rotate with respect to the stator. Although both motor types possess 

different strengths and weaknesses, the components that each motor type consists of is largely 

identical. The working principle and construction are the main factors that differentiate the two. 

 

Figure 3: Induction Motor, Interior-Mounted PMSM, and Surface Mounted PMSM Cutaway [8] 
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Table 1: Motor Type Main Components 

Component Induction Motor 
Permanent Magnet 

Synchronous Motor 

Rotor  ̧  ̧

Stator  ̧  ̧

Outer Casing  ̧  ̧

Terminals  ̧  ̧

Stator Windings  ̧  ̧

Bearings  ̧  ̧

Resolver  ̧  ̧

Conductive Bars/Windings  ̧  

Magnets   ̧

 

In an induction motor, the 3-phase stator windings are wrapped 120° degrees apart in which 

sinusoidal AC current is fed causing a magnetic field of uniform strength to rotate in the direction 

given by the right-hand rule [9]. At any point in time, the three sine waves will create a summation 

of magnetic field strength that is equal to that of any other, but the resultant current will change 

the direction of the RMF based on which phases have the highest currents. The speed in which 

the magnetic field rotates is called the synchronous speed, ὲ. Equation 1.1 describes the 

calculation as 120 multiplied by the frequency of the power supply, Ὢ, divided by the number of 

magnetic poles, Ð. However, it should be noted that the IM is not categorized as a synchronous 

motor due to its asynchronistic pattern between the rotor speed, ὲ, and the rotating magnetic 

field (RMF) known as slip ς the calculation can be found in Equation 1.2.  

 
ὲ  

ρςπzὪ

ὴ
 (1.1) 

 
ὛὰὭὴ Ϸ  

ὲ ὲ

ὲ
 (1.2) 

Depending on the amount of slip that occurs, the stator will induce a varying amount of current 

ǘƻ ǘƘŜ ǊƻǘƻǊΩǎ ŎƻƴŘǳŎǘƛƴƎ ōŀǊǎ ƻǊ ǿƛƴŘƛƴƎǎ ŦƻǊ ŀ ǎǉǳƛǊǊŜƭ-cage rotor or wound-rotor respectively. 
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The short-circuiting of the conductor leads to a small resistance which has a drastic effect on the 

amount of current being induced by slip angles [10]. In turn, the amount of torque being produced 

by the motor also changes; this torque comes from the Lorentz force law which states that an 

electromagnetic field will induce a force onto the electrons and nuclei within an energized circuit. 

At full loads, the slip ranges from just 1%-5% depending on motor sizing and application. Variable 

frequency drives (VFD) help to control the amount of slip that occurs thus optimizing the speed-

dependent torque output of both rotor types. However, wound-rotors use slip rings that allow 

external resistance to be added to increase the starting torque on top of efficient slip angle 

control. Squirrel cage motors are more prevalent in the automotive industry due to their 

construction being simpler and more robust, less maintenance required, lower copper losses, and 

higher efficiency.  

Permanent magnet synchronous motors operate under a similar principle to IMs in that the stator 

is set up and charged the same way to produce a RMF that spins at synchronous speed. Instead of 

using inductance to induce current through a conducting rotor assembly, PMSMs have magnets 

that are made of rare-earth ferromagnetic material such as neodymium iron boron (NdFeB) and 

samarium cobalt (SmCo) which hold a natural magnetic field. Once the rotor is started and excited, 

ŜŀŎƘ ƻŦ ǘƘŜ ƳŀƎƴŜǘǎ ƎŜǘ άƭƻŎƪŜŘέ ƻƴǘƻ ǘƘŜ ƳŀƎƴŜǘƛŎ ŦƛŜƭŘ ƎŜƴŜǊŀǘŜŘ ōȅ ǘƘŜ ǎǘŀǘƻǊ ŀƴŘ ōŜƎƛƴǎ ǘƻ 

speed up until rotor speed matches synchronous speed. Methods to give a non-self-starting motor 

an initial rotation involve installing a squirrel cage to the rotor similar to an IM. Once the rotor 

attached to the squirrel cage speeds up, the magnets become energized and the synchronization 

process can begin. Another method for self-starting involves electronically controlled motors with 

complex frequency control in which the RMF is adjusted at a perfect ramping speed to prevent 

over-slippage from occurring [11]. Keep in mind that if the external torque is greater than the 

maximum torque produced by the motor occurs, the motor will slip out of synchronism and slow 

down. Low supply and excitation voltage are other ways that a motor can go out of sync. PMSMs 

currently edge out IMs in efficiency by a healthy margin at 93%-94% versus ~90% respectively [12].  

With an understanding of how each motor type works, as well as the components that are found 

in each, we look at the different failure modes that an electric motor can experience. 
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Figure 4: Failure Percentage of Motors based on EPRI study 

An updated survey based on the 1982 IEEE Large Motor Reliability report was conducted by 

General Electric through sponsorship of The Electric Power Research Institute (EPRI) [13]. In their 

findings, 1052 of 6312 industrial motors used in commercial applications were identified to have 

faulty operations. The motors consisted of a balanced distribution of climate and applications e.g.  

boiler circulating pump for arid climates. The sample population also came from a variety of motor 

types as discussed in pages 15-17 such as wound-type induction motors and permanent magnet 

synchronous motors. Performance of the motors ranged from double-digit horsepower figures to 

high horsepower (1000+) applications which represents another unbiased aspect to the report. 

The percentage of failures by major component are described in Figure 4. It was also determined 

that the causes of these faults came from the sources listed below: 

¶ Design = 39.0% 

¶ Workmanship = 26.6% 

¶ Misoperation = 21.5% 

¶ Misapplication = 12.9% 

  

Bearing Related
41%

Stator Related
36%

Rotor Related
9%

Other
14%

Failure Percentage by Major Component

Bearing Related Stator Related Rotor Related Other
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1.3 Neural Networks and Deep Learning 

With the rise of AI technologies and Big Data statistical methods, an overwhelming number of 

research articles and findings lend to the use of combining deep learning methods to sort and 

classify information in large quantities. Neural networks simulate the mechanisms found in human 

brains through the use of computing algorithms that are akin to synapses [14]. A network of simple 

units that combine to form complex solutions completed millions of times a second by the fast 

computing capabilities of modern-day supercomputers and hyperprocessors. 

There are many types of neural networks that range in simplicity from a basic Artificial Neural 

Network (ANN) to an intricate Transformer neural network. The differences come from the 

architecture and mechanisms used to employ the specific type of model. At its core, a neural 

network uses weighted inputs in the form of numerical values that are summated, with a bias, and 

the resultant is then categorized by an activation function which represents the determination. 

The generalized formula for an ANN is as follows: 

 

ώ Ὢ ύὼ ὦ  (1.3) 

The process in which a neural network learns to recognizes patterns is through recurring updates 

to the weight matrix, ×, as seen in formula 1.3. The calculation of a loss function is a form of 

ƳŀǘƘŜƳŀǘƛŎŀƭ ƻǇǘƛƳƛȊŀǘƛƻƴ ŀƴŘ ŘŜŎƛǎƛƻƴ ǘƘŜƻǊȅ ǘƘŀǘ ŀƛƳǎ ǘƻ ƳƛƴƛƳƛȊŜ ŀ άŎƻǎǘέΦ In the case of a 

reward function, the opposite is true; where the object is to be maximized [15]. There are many 

types of loss functions for classification and regression tasks such as binary cross-entropy and 

mean squared error. Choosing the best option requires knowledge of the problem and the type 

of data on hand, two varying examples are given below. 

A regression problem with a non-Ǝŀǳǎǎƛŀƴ ŘƛǎǘǊƛōǳǘƛƻƴ ǘƻ ŘŜǘŜǊƳƛƴŜ ǘƘŜ ǇŜǊŎŜƴǘŀƎŜ ƻŦ ŀ ǇǊƻŘǳŎǘΩǎ 

sales growth over time you would use Mean Squared Logarithmic Error as it performs better for a 

wide spread of feature input values and scales percentages appropriately. For a classification 

problem, a digital Optical Character Recognition system must recognize one of ten handwritten 

digits of Hindu-Arabic numerals (0-9) to quantify the similarity between a writerΩǎ individual font 

style and its intended value ς the neural network would use Categorical Cross-Entropy Loss. 
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Now that we have learned about neural networks, the process to update their weights, and 

examples of use cases, ƭŜǘΩǎ ƻōǎŜǊǾŜ Ƙƻǿ ǘƘŜȅ ƭŜŀǊƴ ƻƴ ŀ ōǊƻŀŘŜǊ ǎŎŀƭŜΦ ¢ƘŜǊŜ ŀǊŜ о Ƴŀƛƴ ǘȅǇŜǎ ƻŦ 

learnings used in machine learning algorithms: 

1. Supervised Learning 

Training data is provided by the supervisor with the target labels attached. There is no dispute or 

calculations being conducted to find the target labels as they are taken as the ground truth. Based 

on their labels, the feature values are saved as a reference point, in the form of weights, within 

the learning algorithm in which future test values are to be compared with. 

During the training period, parameters are initialized at random for symmetry-breaking and the 

loss function is optimized by methods such as backpropagation. The training process is completed 

iteratively until convergence has occurred. The algorithm then produces a computed label for test 

samples which aims to reduce the difference between the target and computed outputs through 

a numerical metric i.e. classification error percentage (%) or regression error (continuous value). 

A special case for when unlabeled data is added to labeled data for a larger training set size and 

generalization is called semi-supervised learning [16]. 

 

Figure 5: Supervised Learning Process Diagram [17] 
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2. Unsupervised Learning 

While supervised learning is great for discriminative or recognition tasks, it does not perform as 

well for generative or creative tasks. Note, that either types have a mixed performance for the 

majority of tasks and can be used interchangeably, but one method tends to be better suited.  

Unsupervised learning takes unlabelled training data as well as unique hyperparameters to self-

categorize hidden features within the data. Training is similarly conducted in an iterative fashion 

with the attempt to minimalize error via the concept of energy in order to find useful patterns and 

relationships in the input data. 9ƴŜǊƎȅ ƛǎ ŀ ƳŀŎǊƻǎŎƻǇƛŎ ƳŜŀǎǳǊŜ ƻŦ ŀ ƴŜǘǿƻǊƪΩǎ ŀŎǘƛǾŀǘƛƻƴ ǎǘŀǘŜ 

and is employed in all unsupervised learning algorithms such as Boltzmann learning rule and 

Contrastive Divergence [18]. 

When the network finds strong hidden features, the algorithm will group samples together based 

on those features using popular methods such as principal component analysis or k-means 

clustering. The overall error for each grouping is compared with the previous iteration to update 

training weights until convergence. When the stopping criterion is reached, the algorithm will 

evaluate the input data to be categorized into different outputs. 

 

Figure 6: Unsupervised Learning Process Diagram [17] 
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3. Reinforcement Learning 

This algorithm stems from the field of psychology where actions are influenced by the desirability 

of the outcome. For example, a chess master makes planned and informed decisions with the 

anticipation of replies and counters in hopes of a lasting checkmate. Other forms of reinforcement 

learning can be seen in methods such as genetic algorithms and simulated annealing which aim to 

mimic biological evolutionary processes without a value function [19]. They do not learn within 

their lifetime as in reinforcement learning, but are similar in nature. Monte Carlo methods such 

as Markov Decision Process and Q-learning are used as algorithms to reinforcement problems. 

In reinforcement learning, an agent is trained to make decisions that maximize the reward and 

minimalize the penalty by changing the parameters used in the learning algorithm. This is 

conducted in the form of a closed-loop, trial and error system where a dynamic and hidden 

environment provides feedback [19]. The action is decided by the agent, without direction, based 

on the current state in which it believes will produce the greatest reward ς actions influence future 

states and the amount of subsequent reward received. It is a calculated process in which the long-

term sum is greater than other paths that lead to smaller rewards or those that incur a penalty. 

The reinforcement values are given as a scalar value, typically (0, 1). 

 

Figure 7: Reinforcement Learning Process Diagram [17] 
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In summary, all neural networks utilize a connected structure with neurons, layers, weights, and 

activation functions. From the input layer to the output layer lies a series of hidden layers that 

consist of neurons as described in the ANN. What separates a plain neural network to a deep 

learning NN is the total number of connections and number of hidden layers found within the 

model. A deeper model is often more beneficial than a wider one (higher number of nodes) in 

order to establish a complex understanding of the most dominant features in the data. Whereas, 

a wider model may be able to pickup on more correlating features that may prove to be 

insignificant. 

When considering networks with the same number of coefficients, a deeper model can create a 

more complex function that is more accurate. We use the universal approximation theorem to 

characterize the function spaces to increase the limits on what neural networks can learn. The 

theorem establishes the density of the generated functions which effect the approximation 

capability of the state space ahead in both Euclidean and non-Euclidean spaces [20] [21]. 

Additionally, it is easy to overfit data if you have too many features to choose from in a wide 

network verses a deeper one making it hard to filter out without feature reduction techniques. 

Although the theorem provides theoretical guarantees, an accurate approximation requires a 

balance between depth vs. width and considering computational challenges. Generalization also 

remains a key challenge to obtain high fidelity for unseen data which regularization, dropout, and 

optimization techniques can help. 

 

1.4 Research Objectives 

Focus will be placed on applying a Transformer-based neural network data-driven method for 

deep learning as well as using signal-based preprocessing techniques to accomplish a classification 

task for belted starter generator faults. Incoming data is provided through internal testing and a 

preprocessing technique is developed to convert time-domain data into frequency-domain data 

for training on an adapted transformer model and used to classify mass imbalance and bearing 

fault conditions of an electric motor. A successful multi-class classification accuracy above 80% is 

desired and will satisfy the plausibility of using this model type for FDD in a reasonable timeframe 

and can be applied across various applications. 
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1.5 Thesis Structure 

A question is posed to explain fault detection and diagnosis and why it is needed in industry. We 

explore market trends and driving factors to the cost of production and maintenance of rotating 

machinery in order to implement cost-saving techniques to evaluate a mechanical system. An 

introduction of these methods follows as well as a background on the fundamentals of electric 

motors and rotating machinery with a history of neural networks and deep learning. The 

transformer architecture is proposed and the Stellantis industry research partnership is 

introduced. We view the procedure and apparatus to test for faults in-house at CMHT then follow 

up with the pre-processing techniques used to convert raw sensor information into training data 

for a custom transformer model. We evaluate its performance against existing methods to 

determine its validity as a working solution. 
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2 Literature Review 

2.1 Rotating Machine & Electric Motor Faults 

Bearing Related Faults 

Roller element bearings represent the largest amount of bearing related faults in an electric 

motor. They are categorized into 4 main categories: ball defect, inner race defect, outer race 

defect, and cage defect. Each of these faults describe irregularities in a different component of a 

bearing and can each manifest through different conditions. A fifth category can exacerbate the 

damage in all of the components where we can deem it as its own sub-category, lubrication fault. 

However, the common denominator is that all types of faults can produce similar types of damage 

such as: excessive fatiguing, fretting, crack formation, corrosion, smearing, brinelling, pitting, 

flaking, compression, and grooving [22]. Damage from one of the fault conditions occur when 

engineering design does not account for specific work conditions, improper use of bearing type, 

installation or loading specifications, as well as manufacturing deficiencies during construction. 

From the cyclic nature of a roller element bearing, faults can be characterized by certain 

frequencies once calculated based on their dimensions and operation. Below are formulas used 

to find the vibrational frequencies for each defect [23], [24]: 

   Ball Defect: 
Ὢ  

ὔ

ς
Ὢ ρ

Ὠ

Ὀ
ὧέί‍  (2.1) 

   Inner Race Defect: 
Ὢ  

ὔ

ς
Ὢ ρ

Ὠ

Ὀ
ὧέί‍ (2.2) 

   Outer Race Defect: 
Ὢ  

ὔ

ς
Ὢ ρ

Ὠ

Ὀ
ὧέί‍ (2.3) 

   Cage Defect: 
Ὢ  

Ὢ

ς
ρ
Ὠ

Ὀ
ὧέί‍ (2.4) 

Where .  represents the number of roller element bearings present (in the case of a typical ball 

bearing, the number of steel balls), Æ represents the rotational frequency, Ä represents the 

diameter of the rolling element, $ represents the pitch circle or cage diameter, and ɼ represents 

the contact angle between the rolling element and raceway in radians. 
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The unpredictable nature of lubrication faults makes it difficult to describe a definitive formula to 

calculate its frequency. Lubrication faults typically affect the forces applied to bearing components 

and can introduce foreign materials which contaminate the normal operation of the bearing. 

 

Figure 8: Structure of a Ball Bearing with Major Dimensions [25] 

Stator Related Faults 

Stator windings are most prone to short circuiting through breakage of the insulated conducting 

wire during high voltage surges, prolonged and concentrated hot zones, or unintentional contact 

with foreign material inside the motor housing assembly. Not only do these defects result in a loss 

of performance, usually reduction in speed and torque, but they also pose a severe fire hazard if 

power is not cut off immediately. Most traction motors in commercial vehicles and large industrial 

motors operate at extremely high voltages ranging from 400V ς 800V, therefore electrical hazards 

may also be present. Stator faults usually present themselves as electrical faults from either inter-

turn, coil-to-coil, or phase-to-phase short circuits and represent an estimated 36% of faults in an 

electric motor [13], [26]. 

 

Ὢ Ὢ Ὧ
ὲρ ί

ὴ
 (2.5) 

Equation 2.5 describes the inter-turn winding short circuit frequency or armature faults where Ὢ 

represents the supply frequency, Ὧ represents the order of the time harmonic, ὲ represents the 

shorted coil space harmonic, ί represents the machine slip, and ὴ represents the number of pole 
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pairs. Additionally, stator winding faults cause vibrations to occur based on the factorial of 2 

multiplied by the number of poles and the rotational frequency (ὴὪȟ ςὴὪȟτὴὪȣ  [23]. 

 

 

Figure 9: Stator Inter-Turn Short Circuit Failure [27] Figure 10: Broken Rotor Bar (Drilled Hole) Failure [28] 

Detection methods include the inspection of the second-order harmonics in the q-axis current. 

When a PMSM with a winding short-circuit is in operation, the stator resistance, inductance, and 

back electromotive force (EMF) naturally fluctuates uncontrollably. The 3-phased balance 

condition cannot hold, thus the third-order harmonic is obtained and multiplied by the 

fundamental component in the synchronous reference frame ς this creates the second-order q-

axis and d-axis harmonics. The magnitude of the back EMF correlates to the extent of the shorting 

as well as the possible rotational speed the motor can achieve [29]. 

Rotor Related Faults 

Broken rotor bars are the most common type of rotor fault to occur due to the immense 

centrifugal forces that the high-inertia rotor experiences during operation. Most prevalent in 

induction motors with a squirrel-cage rotor, we often see chips and cracks at the ends of a rotor 

bar, near the end rings, due to undistributed metallurgical stresses formed in the brazing process 

to create the laminated steel core ς this causes asymmetrical loading and fluctuating currents. 

This can also occur if the steel contains imperfections in the mixture, such as air pockets, or was 

non-uniformly distributed during the forming process. This causes the intact rotor bars to carry 

more current and as a result higher mechanical and thermal stresses will occur [30]. 
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 Ὢ Ὢρ ςὯί (2.6) 

The broken rotor bar frequency is characterized by Equation 2.6 where the variables Ὢ, Ὧ, and ί 

represent the same values as those in stator faults being supply voltage, order of time harmonic, 

and machine slip respectively. When a broken rotor bar fault appears, it creates both forwards 

and backwards rotating fields resulting in a (-ίὪ) component in both directions; summarized as 

(2ίὪ) implying a speed oscillation and torque pulsation [23]. 

Delamination of the rotor core is another failure mode that can occur as part of a rotor fault, this 

occurs when high temperatures cause the steel pieces that hold the magnets or rotor winding to 

thermally expand and cool, eventually separating the bond between the tens-hundreds of layers 

that form the rotor core. Loose layers cause vibrations that can affect the electrical performance 

through unbalanced phase loading and intermittent contact which will lead to pitting. Abrasion of 

the side walls can cause heavy Noise Vibration and Harshness (NVH) as well as increase 

temperatures causing winding failures similar to that of stator related faults [31]. 

Other Faults 

This category of fault, encompasses all faults that are too minor to group into its own category. 

They can come from areas such as the air gap between the stator and rotor such as an eccentricity 

of the air gap. The electromagnetic forces that are applied to the rotor via RMF has to travel 

through the gaseous medium, usually atmospheric air. Air is an extraordinary insulator for thermal 

energy as well as magnetic flux. Reducing the resistance of energy transfer is crucial in maximizing 

the permeability of the magnetic circuit, thus minimalizing the reluctance. By decreasing the gap 

width, the magnetizing current also decreases which raises the overall power factor and lessens 

the amount of flux leakage that occurs which drives up the efficiency and increases torque output. 

Insufficient cooling is another fault that may relate to air gap size: if the rotor becomes too hot in 

an instance of a very tight gap width, the rotor will thermally expand and rub on the stator core 

which can become catastrophic at high speeds [32]. 

Pulley or drive shaft imbalances are also a common fault which usually comes into play with belted 

or high torque applications. Physical differences in mass due to balancing weights, fastener sizes, 

and shaft misalignment are common root causes of a pulsating drivetrain. 
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2.2 Neural Network Parameters and Hyperparameter Tuning 

When setting up a neural network for problem-solving, there are variables in which the user must 

enter into their deep learning model. Whether coding from scratch or using pre-existing machine 

learning frameworks such as Tensorflow/Keras or PyTorch, these parameters will be necessary 

starting points for the chosen architecture to run correctly. There are two distinct types of 

parameters: model parameters and hyperparameters. 

Model parameters are the variables that the model learns on its own to capture patterns and 

relationships during the training phase ς such variables include model weights and biases. These 

parameters directly influence the behaviour of the model and become adjusted by the 

optimization algorithm, e.g. backpropagation or gradient descent. Moreover, there are some 

variables that are specific to unique processes found at different stages of the network such as 

slope parameters in Rectified Linear Unit (ReLU) activation functions and attention weights found 

in transformer architectures. A defining factor to model parameters are that they are specific to 

the model and change between instances which make them differ from hyperparameters. 

Hyperparameters are variables which can be tuned to improve ǘƘŜ ƳƻŘŜƭΩǎ classification accuracy 

and precision or its training efficiency. They control the processes in which the model adapts to 

calculate those internal parameters of weights and biases, affecting the performance and 

generalization ability. The list of hyperparameters change based on the type of model used, 

however, there are commonalities such as learning rates, number of layers, number of hidden 

layers, batch size, and dropout rates to name a few. These values must be set prior to training and 

are fixed throughout the process [33]. 

Refer to Table 2 on the next page for a list of commonly found model parameters and 

hyperparameters in any given neural network for deep learning: 
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Table 2: Model Parameters & Hyperparameters 

Type Parameter Description 

Model Parameter Weights Numerical value representing the 

strength of connections between neurons 

 Biases Parameter added to each neuron that 

allow for more complex functions by 

shifting the activation function 

 Normalization Param. Scaling and shifting factors at both layer 

and batch levels, e.g. gamma and beta 

 Embedding Layer Param. Vectors learned for the embeddings 

found in NLP tasks where tokens are 

converted to dense vectors 

 Layer Weights Weights specific to the layer type such as 

recurrent weights between timesteps in 

LSTMs and filter weights in CNNs 

 Attention Mechanism Param. Learnable parameters such as attention 

weights or Query/Key/Value vectors used 

in transformer architectures 

 Output Layer Param. Parameters associated with output layer 

such as the Softmax weight 

 Activation Function Param. Learnable parameters to the activation 

function that change the output such as 

scaling factor 

Hyperparameter Network Architecture Configuration of the neural network 

involving the type of layers (e.g., 

recurrent, convolutional), number of 

layers, and the number of neurons 

 Learning Rate Rate at which model weights are adjusted 

between steps, influences how much 

change is introduced in each update 
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 Learning Rate Schedule Strategy for adjusting the learning rate 

over epochs. Can be reduced over time to 

improve convergence and prevent 

overshooting. E.g. step-based decay 

 Momentum Factor that prevents radical changes to 

the optimization update which help with 

smoothing and convergence speed 

 Initialization Method  Method for choosing the initial values of 

model weights, e.g. Xavier or He 

initialization 

 Batch Size Number of samples processed in each 

pass before updating model parameters 

 Number of Epochs Number of times the entire training 

dataset is passed through during training 

 Regularization Strength Controls the impact of regularization 

techniques to prevent overfitting, e.g. L1 

or L2 regularization 

 Dropout Rate Probability of dropping a neuron during 

the training phase to prevent overfitting 

and increase generalization 

 Activation Function Type Function to determine the output from 

neurons, e.g. sigmoid, tanh 

 

When referring to hyperparameter tuning, the techniques involved are essentially methods to 

choose from a combination of values for the parameters discussed above. The goal is to find the 

optimal settings which minimize the predefined loss function value. The three main 

hyperparameter tuning methods are grid search, random search, and Bayesian search ς another 

method of manual searching is also possible although much less efficient due to the exponentially 

large number of combinations available. Equation 2.5 describes the equation given to calculate 
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the number of hyperparameter tuning combinations. The formula is given as the product of all the 

hyperparameters being tuned and the range of values available per variable. 

 
ὔ   ὢὲ (2.7) 

It is useful to understand the model architecture and estimate the range of values that the tuned 

variables will iterate through in order to reduce the computation time of the hyperparameter 

tuning process. This process goes through a pre-set number of epochs per iteration and aims to 

choose the combination that produces the lowest losses. Multiple epochs are preferred over a 

single epoch as to increase the certainty that the loss function is undergoing a convergence, not 

in a local minimum, and to more accurately capture performance over time. Let us explain the 

aforementioned search methods in more detail. 

Grid Search: 

A simple method that applies every single possible combination for all the variables and their 

ranges. It is an exhaustive solution which has its benefits and downfalls [34]. Although this method 

is inefficient in solving for the best option quickly, it is very thorough in its process and can find 

the absolute best combination given enough computational time. For example, we have two 

variables A and B with a range of values (1, 2, 3) and (7, 8, 9). In this method, we would create a 

model for each combination of values starting with A = 1 and B = 7, then A = 1 and B = 8, then A = 

1 and B = 9. After that we would continue with the next value in the range for A and go through 

the range for B: A = 2 and B = (7/8/9) et cetera. Coding this method is extremely simple to 

incorporate and can be sped up with parallelization properties. 

Random Search: 

Since not all hyperparameters may have the same importance, a method for not searching 

through all possible combinations can be beneficial in saving time and resources. Using a 

randomized searching pattern based on a normal distribution of values can help us not only cut 

down on the total number of searches, but also find finer values within a specified range of values 

as given in the Grid Search technique. From the results of a Gaussian process analysis, 

performance is also greatly improved when applying Random Search over new datasets where 
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hidden features can change between datasets; a case where Grid Search is not successful in 

adapting to new data due to fixed values [35]. Randomized testing provides greater granularity 

between parameter ranges that can pinpoint the hyperparameter response function. Using K-Fold 

can help with coverage of the hyperparameter space. 

Bayesian Search: 

Incorporating intelligent searching processes, we can narrow down the path to lower losses and 

reduce the number of searches when thresholding by parameter at the cost of a more complex 

tuning algorithm. Bayesian Search, also known as Bayesian Optimization, is an advanced 

hyperparameter tuning method that utilizes a probability function based on the hyperparameters 

and accuracy score to model the distribution of the hyperparameter response function. Using the 

previous scores and probabilities, this method can determine the most important 

hyperparameters and adaptively shift focus onto searching for these values. The Gaussian process 

works by generating a posterior expectation and entering it into the probability model to provide 

a model score in the hyperparameter space. The certainty can then be determined by evaluating 

the largest expected movement in the acquisition function which represents a posterior 

distribution of the score function [36]. Instead of isolated experiments in Grid search and Random 

Search, information is stored into memory to build a distribution model which makes Bayesian 

Search a class of sequential model-based optimization (SMBO). These types of methods are 

superior in improving sampling for iterative processes, furthermore, still take advantage of 

parallelization. 

 

2.3 Deep Learning Optimization Techniques 

In this subsection, we explore gradient-based optimization techniques used in deep learning, 

including stochastic gradient descent (SGD), adaptive learning rate methods (e.g., Adam, 

RMSprop), momentum, and weight initialization strategies. We will discuss their effectiveness in 

training deep neural networks such as Transformer and Long Short-Term Memory models. The 

importance of these optimization techniques is to ultimately minimize the loss function which 

leads to speed of convergence and final model performance. 
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Figure 11: Gradient Descent Contour [37] 

Stochastic Gradient Descent: 

Gradient Descent is an optimization algorithm with many different variations, each type being 

better suited for varying forms of data and models. The most popular variation is Stochastic 

Gradient Descent due to its clear and simple implementation as well as extreme efficiency. It 

works by iteratively calculating the slope of the loss function based on the results of a randomly 

selected training example and the current set of model parameters (weights). If the slope is 

pointing in a negative direction, the weights will be saved and a new update is performed once 

again. In turn, this allows for the model to store only a single set of both parameters and training 

sample into memory ς saving computational resources. However, with the frequent updating on 

a potentially high-variance parameter, we can run into issues of noisy estimates of the true 

gradient (slope). Changing the randomly selected training sample for a small subset of data, called 

a mini-batch, we can take the benefits from SGD and reduce the number of oscillations at the 

slight increase in cost of memory. 

The delineation between SGD and vanilla or Batch Gradient Descent is from the selection criteria 

of using a smaller number of training examples versus the entirety of the dataset for optimization. 

In doing the latter, we run into the need for a large memory system that will not work when using 

extended sequences as required for a Transformer neural network for analysing lengthy vectors 

such as high sampling frequency vibration data. 
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Stochastic Gradient Descent utilizes a fixed learning rate which is also referred to as step size (h). 

The learning rate determines how far the learning process moves with respect to the current 

position on the complex, convex loss function in attempt to find the global minima. Figure 11 

ǎƘƻǿǎ Ƙƻǿ ŀ ƭŀǊƎŜ ƭŜŀǊƴƛƴƎ ǊŀǘŜ Ŏŀƴ ŎŀǳǎŜ ǘƘŜ ΨǎǘŜǇǎΩ ƻŦ ŎƻƴǾŜǊƎŜƴce to overextend and travel to 

the opposite side of the valley. Furthermore, a learning rate that is not fine enough can cause the 

gradient descent method to oscillate indefinitely near a flat region near the minima. In this case, 

convergence can still be approximated but will never reach the absolute minimum. 

 —  — ὥz ​ὐὭ—  (2.8) 

 
—  — ὥz

ρ

ά
​ὐὭ—  

(2.9) 

Equations 2.8 describes the updated parameter vector in the Stochastic Gradient Descent method 

with Equation 2.9 describing the same parameter vector using Mini-batch Gradient Descent 

method. — represents the vector for each parameter being updated by the optimizer, ὥ is the 

learning rate, ά is the mini-batch size, and ɳὐὭ— is the gradient of the cost function J with respect 

to theta calculated on a single randomly selected training sample Ὥ. For reference, typical values 

for learning rates are between 10-1-10-5 and between 10-1000 samples for a mini-batch. 

Momentum Optimization: 

An extension to the gradient descent algorithm, momentum considers previously-calculated 

gradients in order to smooth out new updates. Imparting a momentum to the direction of travel 

allows the optimization algorithm to maintain course and reduce the oscillations as described in 

ǘƘŜ ǇǊŜǾƛƻǳǎ άŦŀƭƭƛƴƎ ƭŜŀŦέ ŜȄŀƳǇƭŜ ƻŦ ŀ ǇŀǊŀōƻƭƛŎ ƭƻǎǎ ŦǳƴŎǘƛƻƴΦ 

How it works is that an exponentially weighted average of past gradients is multiplied with the 

learning rate which is used to sum up to the weight tensor for the hyperparameter to be tuned. 

In most cases, the momentum extension is applied to the Stochastic variation of gradient descent. 

Equations 2.10 and 2.11 describe how the velocity term, ὺ, is obtained from a modified SGD 

equation using a momentum coefficient, ‎, where it is subtracted from a previous weight tensor. 

 ὺ  ‎Ͻὺ ὥϽ​ὐὭ—  (2.10) 

 —  — ὥὺ (2.11) 
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Adagrad: 

Along with other optimization methods listed below, we delve into optimization methods 

involving an adaptive learning rate. These methods adjust the learning rate at each step for every 

parameter which can help with faster convergence. Consequently, historical gradients are 

observed for calculation of current parameters typically involving the scaled sum of squares of the 

previous gradients. Learning rates are altered based on the size of the parameter change of the 

last step. If a large change occurred, the learning rate will decrease and if a small change occurred, 

then the learning rate will increase. 

Adagrad, a portmanteau for adaptive gradient descent, maintains a separate cumulative sum of 

previous gradients for each hyperparameter being tuned. This essentially normalizes the learning 

rates for past gradients ensuring that frequently updated parameters have a smaller update and 

vice versa. Scenarios such as natural language processing and deep learning models, where 

gradients vary widely, can take advantage of this normalization process greatly. Furthermore, by 

keeping separated sums, Adagrad can work effectively on sparse datasets where the gradients 

may change drastically based on the minimal number of features available. However, limitations 

due to the squared sum nature of this method may lead to longer convergence times and 

diminished learning rates in cases where the loss function is non-convex. It will also require larger 

amounts of memory for storage of the summed gradients for each hyperparameter. 

Equation 2.12 describes the increasing summation of squared gradients, Ὣ , from limits 0 Ҧ n 

based on the SGD method with singular sampling where it will be used for calculation in a new 

parameter vector. Equation 2.13 describes the update of parameter vector, —, by taking the 

previous parameter vector and subtracting from it a scaled learning rate that has been multiplied 

by the current gradient. The scaled learning rate term is comprised of the predefined learning rate 

divided by the square root of the squared sum of gradients plus a small error value, ‭ (which has 

been added to prevent zero division). 

 
Ὣ  Ὣ ​ὐὭ—  (2.12) 

 
—  —

ὥ

Ὣ ‭
​zὐὭ—  

(2.13) 
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RMSProp: 

Similar in principle to the Adagrad method of calculation with an averaged gradient, RMSProp or 

Root Mean Square Propagation maintains an averaged gradient over a fixed window size. Meaning 

the moving gradient is refreshed with each step. This solves the issues of diminishing learning 

rates and an ever-growing calculation size resulting in faster convergence with less memory usage. 

The way it is achieved is through the introduction of a decay factor, ʲΣ with a common default 

value of 0.9, it is multiplied with the recursive sum of squared gradients, Ὣ . The next term of 

the complementary of the decay factor (1- )̡ is multiplied by the current gradient squared and 

finally added to the initial term. The parameter vector equation will be the same as in Adagrad 

except, the gradient will be the recursive summation of the gradients squared instead. See 

Equation 2.14 and 2.15. 

 
Ὣ   ‍ Ͻ Ὣ ρ ‍ᶻ​ὐὭ—  (2.14) 

 
—  —

ὥ

Ὣ ‭
​zὐὭ—  

(2.15) 

Adam: 

The Adaptive Moment Estimation optimization algorithm, or Adam for short, was released in 2014 

by Kingma and Ba which combined key breakthroughs in gradient descent-based methods. 

Primarily the momentum component of SGD and the adaptive learning rate with moving average 

from RMSProp. It serves as a computationally efficient optimizer with little memory requirements 

and is suitable for a wide variety of data forms. Additionally, it is able to perform well on non-

stationary objectives as well as noisy and/or sparse gradients. Hyperparameter tuning for this 

optimizer is simple as the interpretations are extremely intuitive which is why this optimization 

method is becoming the default option for deep learning networks [38]. 

The equations for Adam are shown below from Eq. 2.16 ς 2.20, they involve the calculations of 

the first and second moments, using ɼ and ɼ, which represent the decay rates for the sum of 

gradients (momentum) and the sum of gradients squared (variance) respectively. As mentioned 

in RMSProp, decay rates for momentum are typically set at 0.9 and the newly-introduced second 

decay rate is set at 0.999. By setting the first decay rate close to 1, the first moment estimate is 
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ŀōƭŜ ǘƻ ǊŜǘŀƛƴ ŀ ƭƻƴƎ ƳŜƳƻǊȅ ŀƴŘ ōŜǘǘŜǊ ŜȄǇƭŀƛƴ ǘƘŜ ƎǊŀŘƛŜƴǘΩǎ ƻǾŜǊŀƭƭ ǘǊŜƴŘΦ ²ƘŜƴ ǘƘŜ ǎŜŎƻƴŘ 

decay rate is set even smaller, it enables the optimizer to have a short memory and prioritizes 

focus on the magnitude of the gradient. 

With moving averages, the first few iterations of n may prove to show biases close to zero. To 

combat this, Adam implements a bias correction step by dividing the moment estimates by a 

correction factor depending on the decay rates and current iteration step. This ensures that at 

each step, the moment estimates are accurate to the true values and do not depend on which 

stage the optimization process is currently at. 

 ά   ‍ά ρ ‍ ​ὐὭ—  (2.16) 

 
ὺ   ‍ά ρ ‍ ​ὐὭ—  (2.17) 

 
άǶ  

ά

ρ ‍
 (2.18) 

 
ὺǶ  

ά

ρ ‍
 

(2.19) 

 
—  — –

άǶ

ὺǶ ‭
 (2.20) 

Aside from choosing between different loss function optimizers, let us bring our attention to 

another technique that can achieve the same results, Weight Initialization Strategy. The purpose 

of choosing initial weights between neurons in the dense layer of a neural network is to increase 

generalization, avoid biases to classes, and to help prevent exploding or vanishing gradients in a 

gradient-based optimization algorithm. {ƛƳǇƭŜ ƳŜǘƘƻŘǎ ƻŦ ŀǎǎƛƎƴƛƴƎ ǿŜƛƎƘǘǎ ŀǎ ΨƻƴŜǎΩ ƻǊ ΨȊŜǊƻŜǎΩ 

can help with a preliminary test of the network to ensure a working program. However, 

establishing a method for the initialization of starting values, we can improve performance in the 

one or more of the aforementioned benefits greatly. In Chapter 6, we will talk about the Xavier 

Initialization method used in our proposed Transformer Architecture. This method was seen to 

help avoid slow convergence and prevent oscillations from the minima.  
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3 Transformer Neural Network 

3.1 Inception 

 

Figure 12: The Transformer - Model Architecture 

The Transformer Neural Network is a deep-learning model that utilizes άattentionέ in order to 

store memory and link sequences together. It was originally developed by Google in 2017 and 

ǇǳōƭƛǎƘŜŘ ǿƛǘƘ ŀ ǇŀǇŜǊ ǘƛǘƭŜŘΣ άAttention is All You NeedέΦ ²ƛǘƘ ǘƘƛǎ ƴŜǿ ǘȅǇŜ ƻŦ neural network 

that rivals the performance of LSTMs and RNNs, a new state-of-the-art technology was born [39]. 

Traditionally used for Natural Language Processing, it is now adapted to tackle different types of 

problems such as detecting and diagnosing faults in an electric motor. 

Transformers as we know it were formally introduced in 2017 by Google AI for the purpose of 

solving sequence transduction (seq2seq) in which their success has established it as the state-of-

the-art model for Natural Language Processing. Built from existing knowledge of the attention 
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mechanism proposed by Bahdanau in 2014, it was improved by Vaswani in the form of self-

attention and multi-headed attention. They can be adapted to solve different tasks in NLP, audio, 

or visual inputs such as text summarization, sentiment analysis, machine translation, and more. In 

this presentation, we will look to create a transformer model which utilizes the seq2seq nature to 

accept time series data produced by an electric motor in the form of discretized signals sampled 

at various frequencies. The model will classify the type of fault and determine the extent of failure 

as it is found in any mechanical system. Other deep learning methods, such as IEMSPCA-SVM, will 

be used for comparison of the classification accuracy as well as the efficacy of the Transformers 

model for this type of application. Data will be collected at the Center for Mechatronics and Hybrid 

Technologies through testing of a Stellantis eTorque belted starter generator on the DV 

Electronics HT-250 tester using an assortment of high-frequency sensors. The architecture of the 

Transformer model will be explored along with its novel attention mechanism that showcase 

different capabilities compared to other deep learning neural networks. A comparison of the 

sparse categorical accuracy on the testing dataset is conducted to make our final conclusions as 

to the promising performance of this machine learning method. They are currently being used for 

genome sequencing in the medical field, predicting financial opportunities in the housing market, 

and mapping out 3D sensor data for autonomous cars. 

 

Figure 13: Multi-Head Attention Block 
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3.2 Core Components of Transformers 

Overall Architecture (Encoder-Decoder): 

Before we discuss the working principles behind the Transformer neural network in-depth, let us 

provide a brief summary of the architecture as a whole: It is comprised of a lightly modified 

encoder-decoder structure with layers and IO that have been in use for years such as input 

embeddings, feed forward layers, and even the attention mechanism itself. The bulk of the length 

of a model plot diagram (e.g. Appendix A) is given as a repetition of the number of transformer 

blocks present in the model. The strength from this architecture comes from the parallelization 

capabilities and depth of the network itself which we will talk about in their respective subsections 

below. As such, a machine learning engineer with a background in the field and experience with 

other sequence-based models would not have trouble understanding the technical aspects of this 

architecture which has been put to use for many years since its inception. We will explain the 

traditional use of this architecture as it relates to its NLP origins and make note of how it is adapted 

for fault detection and diagnosis of rotating machinery in Chapter 6. 

Encoder-Decoder architectures consist of two main parts: the encoder and the decoder. The 

encoder processes the input data and encodes it into a format suitable for further processing. It 

is composed of multiple layers, each with its own self-attention mechanisms and feedforward 

layers. The decoder, on the other hand, is responsible for generating the output. It uses 

information from the encoder and is particularly important in sequence-to-sequence tasks such 

as language translation. Like the encoder, it comprises of multiple layers, but it also has additional 

attention mechanisms to help generate the correct output sequence. One such mechanism is the 

masked multi-head attention block, it masks the next word provided to it by the supervised 

ŘŀǘŀǎŜǘ ǿƘƛŎƘ ǇǊƻǘŜŎǘǎ ǘƘŜ ƳƻŘŜƭ ŦǊƻƳ άŎƘŜŀǘƛƴƎέ ōȅ ƪƴƻǿƛƴƎ ǿƘŀǘ ǘƘŜ ƴŜȄǘ ǿƻǊŘ in the sequence 

will be. In the original Transformers paper by Vaswani et. al., the encoder and decoder consisted 

ƻŦ с ōƭƻŎƪǎ ŜŀŎƘ ǿƘƛŎƘ Ŏŀƴ ōŜ ŘŜƴƻǘŜŘ ŀǎ ǘƘŜ ƎǊŀȅ ƘƛƎƘƭƛƎƘǘŜŘ ōƻȄ ƭŀōŜƭŜŘ άbȄέ ƛƴ CƛƎǳǊŜ мнΦ 

LSTMs and RNNs are examples of other neural networks which also utilize an encoder-decoder 

architecture, but in a recurrent fashion rather than with self-attention or parallelization as seen in 

Transformers. Variations of the vanilla architecture can include modifications of these two parts 
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in which only encoder or decoder sections are used and, in some cases, none at all. Examples of 

this can be seen with: 

1. Encoder-Only Transformers 

¶ Designed to only require input sequence processing, such as language modeling or 

feature extraction 

¶ Examples include BERT (Bidirectional Encoder Representations from Transformers) for 

pretraining large bodies of text or for downstream tasks such as classification 

2. Decoder-Only Transformers 

¶ Designed to only require output sequence processing, such as for generative tasks or 

autoregressive prediction 

¶ Examples include GPT (Generative Pre-trained Transformers) for generating text 

sequences one token at a time without an explicit input sequence 

3. Encoder-Decoder-less Transformers 

¶ Designed for specialized applications where neither input or output sequence processes 

are applicable 

¶ Examples include ViTs (Vision Transformers) for applying transformations directly to 

images for image classification 

¶ Demonstrates ability of Transformers beyond sequence-to-sequence learning 

Input Embedding & Positional Encoding: 

The input embedding layer converts the input tokens, words or punctuation in an NLP context, 

into dense vector representations. Depending on the type of medium being used, typically high-

dimensional vectors are used in order to have a large number of unique values. These vectors are 

then initialized at random or using pre-trained word embeddings such as Word2Vec or GloVe. 

For context, transformers do not have the inherent ability to recognize words with respect to one 

another as they do in recurrent neural networks such as RNN. Thus, they require a positional 

encoding layer to transform the word embeddings to include sequential relationships between 

the input tokens ς self-attention alone cannot handle the order of words in a sentence. This step 

ensures that the ƳƻŘŜƭ Ŏŀƴ ŘƛǎǘƛƴƎǳƛǎƘ ōŜǘǿŜŜƴ ǇƘǊŀǎŜǎ ǎǳŎƘ ŀǎΥ ϥŀǇǇƭŜ Ŝŀǘǎϥ ŀƴŘ ϥŜŀǘǎ ŀǇǇƭŜΦΩ  
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Figure 14: Positional Embeddings Visualization [40] 

How this is accomplished is by the use of sinusoidal waves which provide a brilliant way to quantify 

the distance between words based on waves of different frequencies. As a result, a vector of small 

values is added to the input embeddings in which it will now differ from other embeddings based 

on where they occur in the sentence. Equation 3.1 describes the vector addition of the word 

embedding with the positional encoding, PE(pos,2i), where each index, i, corresponds to a hidden 

dimension on the hyperplane (features), d, represents the dimension size which matches with the 

word embedding size, and pos, represents the position order of the word in the sequence. 

 
ὖὉ ȟ   ίὭὲ

ὴέί

ρππππ

 (3.1) 

Multi-Head Attention Blocks: 

The deep learning aspect of the architecture, the Multi-Head Attention block is the key component 

of the Transformer Architecture. It is found within this section that the relationships are captured 

from different parts of the input sequence. Within the Multi-Head Attention block, there are 
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ŘƛŦŦŜǊŜƴǘ ƭŀȅŜǊǎ ǿƘƛŎƘ ŀǊŜ ǊŜŦŜǊǊŜŘ ǘƻ ŀǎ ΨƘŜŀŘǎΩΦ 9ŀŎƘ ƘŜŀŘ ƛǎ representative of a pipeline in which 

the input, the positionally-encoded word embedding, is entered as a value, key, and query vector 

to go through a process of self-attention, concatenation, and then full connection via linear layer. 

Attention scores are computed in order to learn from the input, technical details will be further 

discussed in Subchapters 3.3 and 3.4. 

Skip Connections: 

As information is passed through numerous hidden layers, the input tensor becomes distorted by 

the end of a very deep neural network and vice versa for the loss gradient updates travelling in 

reverse. Also known as residual connections, skip connections provide a path for the output of a 

previous layer to pass directly over to the subsequent layer. By implementing these Ψshort-

circuitsΩ, sequential information is retained from transformations that would have been applied in 

the skipped layer which helps to combat vanishing gradients during backpropagation [41]. As such, 

with regularization techniques such as L2 regularization, the loss gradient will only need to 

calculate the residual which is equal to the unaltered input tensor from the beginning of the 

network (specifically the difference between residual blocks or each layer depending on how 

many layers are skipped per connection). Mathematical cancellation of the hidden function occurs 

when the weight matrices of each layer or residual block is nullified to 0 during loss gradient 

calculation. This idea comes from the original ResNet architecture which has since been deployed 

in many modern deep neural networks today with Transformers being one of them. 

Equations 3.2 and 3.3 demonstrate the differences between calculating the residuals between a 

conventional network with and without skip connections. The identity matrix, ὡ , is simply 

removed when performing the calculus for the activation function (relu). One must keep in mind 

that with the use of skip connections, the addition of tensors from residual blocks must maintain 

the same shape as well as not transforming it such that the use of other layers like convolution 

will remain applicable. 

 ὥ   ὶὩὰόὡ ὥ ὦ  (3.2) 

 ὥ   ὶὩὰόὡ ὶὩὰόὡ ὥ ὦ ὦ ὥ (3.3) 
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Figure 15: Schematic of Skip Connections [42] 

Batch Normalization: 

Batch Normalization is one form of normalization used in a neural network to improve training 

stability and accelerate convergence. It works by normalizing the activations of each layer by their 

mean and ŘƛǾƛŘƛƴƎ ōȅ ǘƘŜ ōŀǘŎƘΩǎ ǎǘŀƴŘŀǊŘ ŘŜǾƛŀǘƛƻƴΦ Rather than applying normalization across 

ŀƭƭ ŦŜŀǘǳǊŜǎ ŦƻǳƴŘ ƛƴ [ŀȅŜǊ bƻǊƳŀƭƛȊŀǘƛƻƴΣ .ŀǘŎƘ bƻǊƳŀƭƛȊŀǘƛƻƴ ŀǇǇƭƛŜǎ ƛǘ ǘƻ άƳƛƴƛ-ōŀǘŎƘŜǎέ ŀǎ 

predetermined by the batch parameter. Benefits include more frequent parameter updates, 

leading to a more authentic training process. Additionally, computational and dimensional 

constraints are reduced by performing calculations on a smaller subset of data. By centering the 

values of the tensor, we can prevent them from straying too far away from zero, wherein only the 

dominant features will appear in the layer input matrices. 

Learnable parameters found in the normalization layers include ʴ όǎŎŀƭŜύ ŀƴŘ ʲ όǎƘƛŦǘύ. These values 

are adapted during the training process to apply transformations as necessary to the normalized 

activations. They can be adjusted at each implementation within the architecture, with every 

normalization layer having their own set of scale and shift values. 

During inference, batch normalization switches to a different mode where the accumulated 

averages of the entire dataset are used for normalization instead which ensures consistency 
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throughout both training and testing processes. Regularization effects can also be seen as 

normalization adds small amounts of noise to the data which in turn aides with preventing 

overfitting and improving generalization of the model. 

Feed Forward Layers: 

Consisting of 4 operations which form the feed forward layers, we have: 

1. Core Layer (dense/convolution) 

2. Activation Function 

3. Dropout Layer 

4. Layer Normalization 

With the exception of the activation function, each one of these operations is considered to be a 

stand-alone layer. Starting with the core layer, the bulk of the calculations are made within this 

layer by matrix transformations of the information stored in each neuron of every layer 

throughout the network. Hidden representations are solved within these layers by processing the 

results of the loss gradient and adjusting the weights of the parameters during backpropagation. 

Typically, dense layers are used in Transformers when solving for NLP tasks that require mapping 

between connections between all the features available in the data. When information is heavily 

correlated, the fully-connectiveness between the neurons between layers prove crucial for very 

interconnected data. However, for tasks involving temporal and spatial data such as with Vision 

Transformers or Transformers used for classification of lengthy sequences, convolutional layers 

are better as they consider neighboring pixels of the sliding window filters. In transformer 

architectures, typically two linear transformations and a non-linear activation are applied. 

The activation function is processed after the initial core layer and returns the initial output in 

which it is then fed into the second core layer. They provide non-linearity into the network in an 

element-wise fashion which enables neural networks to learn complex relationships compared to 

using linear activation functions. Common non-linear activation functions include: ReLU, Gaussian 

Error Linear Unit (GELU), or Sigmoid. 

Applying dropout is the third operation and will typically be seen as the second layer of a feed-

forward operation. Dropout is a regularization technique that helps to prevent overfitting by 
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randomly setting a small number of values to zero at each update during training. This variable 

can be set depending on the type of data you have, the application or purpose of the network, 

and how many layers are found in the network. Values can range from having no dropout, to as 

much as 50%. However, experimentation with hyperparameter tuning or using cross-validation is 

suggested in order to determine an appropriate dropout rate that will lead to the high accuracy. 

Finally, normalization is once again performed similar to the beginning of the network when 

applying shifting and scaling transformations to the input data. This is because the neurons are 

constantly being updated in the core layers and we want to keep the data to be stabilized as it 

gets passed along the gradient path and to speed up training.  

Linear Layer: 

The final layer of the architecture, the large number of neurons used in the feed-forward layers of 

the network are condensed to the number of classes we want to classify our outputs to. This is 

usually in the form of a 2D vector of weights in which the highest is the classification result found 

by the inference process. For NLP tasks, the contextualized embedding is the result, whereas for 

FDD, the class of fault is the result. Shaping is an important aspect of the linear layer as a form of 

dimensionality reduction or expansion is expected for the tensors to be equal to the input form. 

Activation Function (Softmax): 

The softmax function is applied after the last linear layer of the architecture in order to define a 

vector of real values to that of a probability for predicting a certain word representation or fault 

class. Not only is its role in defining the classification result, but it is an integral part of the loss 

calculation during backpropagation. The loss function measures the discrepancy between the 

values that were used as input to the activation function layer (the final linear layer) and the true 

distribution of the classes. The softmax is the default activation function for any Transformer task 

and its output can be fed into many different types of classifiers such as MLP, SVM, Random 

Forests, and CNNs. Equation 3.4 describes the softmax probability calculation. 

 
„ᾀᴆ 

Ὡ

В Ὡ
 (3.4) 
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3.3 Self-Attention Mechanism 

 

Figure 16: Visualization of the Self-Attention Mechanism [43] 

The heart of Transformers τ the self-attention mechanism. Imagine this mechanism as a way for 

the model to weigh the importance of each word in a sentence when processing it. It allows the 

model to focus on relevant information while considering the context. Let's explore how it works 

in detail: Starting with the input vectors Q, K, and V, which stand for query, key, and value 

respectively, their variable names come from the retrieval system of the fundamental attention 

mechanism before Transformers. 

Unlike RNN-based attention mechanisms proposed by Bahdanau et al. (2014) and Luong et al. 

(2015), self-attention is a form of scaled dot-product attention that is unique to the method 

proposed by Vaswani et al. όнлмсύ ƛƴ ǘƘŜ ŦŀƳƻǳǎ ǇŀǇŜǊΣ ά!ǘǘŜƴǘƛƻƴ ƛǎ !ƭƭ ¸ƻǳ bŜŜŘΦέ It is the first 

transduction model that relies entirely on self-attention to compute representations of its input 

and output without using sequence-aligned RNNs or convolution [39]. 
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Figure 16 illustrates the five steps in which the attention weight matrices are calculated during 

the optimization process of training Transformers in the multi-head attention block: 

Step 1. 

After input embedding and positional encoding is added to the word inputs (or vector inputs in 

the case of FDD), the query, key, and value equate to the matrix dot-product of the input vector, 

x, and their respective trainable weight matrix, Wq/Wk/Wv. The values within the weight matrices 

are initialized as a hyperparameter through methods such as Xavier or He initialization. 

Step 2. 

The query and key (transposed) computed in Step 1 are then multiplied together through matrix 

dot-product to form the relationship matrix, QKT. The relationship matrix represents a measure of 

similarity between each word embedding with every following word embedding in the sequence. 

Step 3. 

The relationship matrix, QKT, is divided by the square root of the dimension size of the key, ЍὨ, 

which is the column-wise length of the trainable weight matrix for the key. Another name for the 

value of dk is head size, it is typically equal to the dimensionality of the input embedding divided 

by the number of heads. As a result, the relationship matrix becomes scaled, avoiding exceedingly 

large or small values which create vanishing or exploding gradients during training. 

Step 4. 

Application of the softmax function is used to convert the raw attention scoresΣ ŎŀƭƭŜŘ άƭƻƎƛǘǎέΣ 

from the scaled relationship matrix, QKT/ЍὨ, into values that are bounded to a range that is 

normalized for the transformer model, i.e. 0-1. This creates a smooth probability distribution 

which enables easier training for the optimizer during backpropagation. 

Step 5. 

The scaled and normalized relationship matrix, ίέὪὸάὥὼὗὑȾЍὨ , is multiplied by the value 

matrix, V, by matrix dot-multiplication. The result is one ǇŀǊŀƭƭŜƭƛȊŜŘ άƘŜŀŘέ of the multi-headed 

attention matrix which is the concatenation of all attention heads calculated simultaneously. 
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3.4 Multi-Head Attention 

 

Figure 17: Visualization of Multi-Head Attention [43] 

 

Figure 18: Difference between Attention Heads [39] 
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Taking self-attention a step further, Transformers incorporate multi-head attention, a feature that 

enables the model to attend to different segments of input simultaneously. This powerful 

mechanism significantly enhances the model's ability to understand complex relationships within 

data. 

Following the computations of individual attention matrices from each head, we concatenate the 

resultants together to form a longer multi-head attention matrix, A. This matrix incorporates the 

different perspectives that each attention head seeks to find, piecing together the full context-

puzzle. The output is then passed through a fully connected layer in which it becomes multiplied 

by an overall weight matrix, WO, to condense the information and draw out the most important 

features to attend to. This process is a sequential step that is conducted after each parallelized 

computation of individual self-attention matrices are completed with steps shown in Figure 17. 

Figure 18 demonstrates that each head attends to different parts of the input sequence 

independently. The results come from two different attention heads that were trained on the 

same model. As depicted, identical words are linked to different words, based on their colormap, 

to varying degrees. This happens because each attention head focuses on different features from 

one another and can be applied to vectors of different sizes. Each index of the word embedding 

represents a separate feature which also benefits from attention; not just in natural language 

applications. We will look to apply this methodology to sensor data in different domains such as 

time and frequency in Chapters 5 & 6. 

After the procedure of converting embedded inputs to nuanced weight matrices in the multi-

headed transformer block, they are added with the initial input embedding and normalized, then 

fed as input to the feed forward block and as a skip connection. This concludes one encoder block 

encircled in gray in Figure 12. A decoder block is essentially of the same shape but includes a 

masked multi-headed attention block before the regular multi-head attention block. Within the 

masked version, the subsequent elements of an input sequence are hidden in order to prevent 

the prediction of the word that has the greatest attention, the word itself. This is a consequence 

of using training data which already has the solution provided, i.e. labeled data. 

The number of transformer (encoder and decoder) blocks can be set as a hyperparameter before 

model script begins. By increasing the number, the performance is affected greatly in terms of 
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robustness, accuracy, and speed. A deeper, network enables a better understanding of 

hierarchical features from the data for more complex tasks. With additional blocks, abstract 

representations can be captured better than by increasing the number of heads. A way in which 

we can compare the scope of the two can be viewed as a way to find dependencies between 

features within one sample by changing the number of heads, versus the ability to find 

dependencies at long-range by looking between multiple samples. Since transformer blocks are 

stacked sequentially, wherein the outputs of an encoder/decoder block is fed into another, the 

result is a high-level view of relationships between the data as a whole. 

 

3.5 Training Transformers 

The strength of transformers is truly expressed when it comes to the massive amounts of data 

that are associated with training their many variations of models. Their ability to have extremely 

long memory and to have a conceptualized understanding of massive swathes of data built-in to 

the attention mechanism mean that whole books, not just chapters or pages, can be internalized 

for applications where finely tuned answers are necessary and the source can come from multiple 

avenues. Transformer models can also be applied for many different applications aside from 

language-based processes by changing the type of data used as input and modifying the 

architecture with minimal alterations. For example, an English language model uses a 2,048 token 

length for its sequence, whereas a microphone would record at 4,800Hz for a 1-second audio 

recording after pre-processing for its sequence. Nevertheless, both applications, we will need the 

same massive amounts of input in order to train the model successfully. 

Being a type of deep-learning neural network, Transformers are complex models that are 

particularly effective at handling large and complicated datasets. It is well known that deep 

networks require huge amounts of training data in order to become accurate. In being able to 

conceptualize all the data at once, substantial computational power is required for the resource-

intensive parallel processing techniques described. Meaning that powerful hardware is typically 

used to perform the billions of computations calculated during the training phase of a state-of-

the-art transformer model ς the largest generative language model to date is the Megatron-Turing 

NLG 530B with 105 encoder/decoder layers, 128 attention heads, 20480 hidden dimensions, and 
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a total of 530 billion parameters. Strategies that can be employed to improve training time and 

accuracy include: using labelled training data, accessing pre-trained models, and the increasingly 

popular method of transfer learning which is using an existing model to boost performance on a 

related task. 

Within the self-attention mechanism, we alluded to the weight matrices for the key, query, and 

value. These attention weight matrices can be trained to draw context to the most important 

words that are to be associated with the input. Again, in the multi-head attention block, it contains 

the overall attention weight matrix which is also to be trained for hierarchical feature learning and 

distinguishing between long-range dependencies. Combined, these two are the major proponents 

for optimization of a transformer-based neural network and where parallelization occurs. They 

provide the key aspects in changing the performance of the model altogether. 

 

Figure 19: Computational Requirements for Training Transformers [44] 
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Batching is a technique where sequences are grouped and can be processed simultaneously to 

make training more efficient. At a physical level, different parts of a tensor or graphical processing 

unit can tend to a portion of the batch to be calculated independently rather than having a single 

core run through every calculation one by one. This improves the efficiency of the physical system 

to create optimal results in terms of speed by factors of up to 1000x depending on network type. 

As mentioned in previous subchapters, batch size is a hyperparameter which can be tuned to the 

data form you are working with, as long as the processing power available from your hardware. 

Larger batch sizes equate to a greater number of sequences that can be passed forwards and back 

through backpropagation resulting in a slightly less stable, but faster converging training curve. 

Fine-tuning of the model is a step after training has completed and is used to improve your model 

further. Occasionally, iterative runs may need to be attempted in a trial-and-error fashion in order 

to come up with the best solutions for a Transformer model as there are many hidden processes 

unbeknownst to the programmer during the training process. Aside from hyperparameter tuning 

and changing your optimization algorithm, one can employ different training strategies such as 

curriculum learning and multi-task learning to increase the robustness of a single model. These 

strategies involve increasing the difficulty on the examples provided and asking the model to 

perform multiple tasks simultaneously. They allow for the model to become more generalized 

which is beneficial to creating a powerful model that can be adapted for inputs with very minute 

differences or being able to solve abstract tasks. 

Evaluation metrics can be employed to get a better understanding of how your transformer is 

training itself as well as providing a reasoning to achieving the accuracy received. There are 

specific indicators for transformers for NLP tasks such as BLEU and ROUGE which measure the 

degree in which the machine translated words match that of a professional linguist. As well as 

metrics for generative models such as FID and IS for measuring the quality of a generated versus 

real image is and how distinguishable the generated image is, respectively. However, there are 

also common metrics that are used amongst other neural networks that can be used to evaluate 

a Transformer as well. These include: precision, recall, F1 score, mean absolute error, and AUC-

ROC. They can be applied to all sorts of domains which will come in handy for the classification of 
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faults of an assortment of domains. By tailoring these metrics to every unique task, researchers 

can evaluate the effectiveness across various applications. 

 

3.6 Challenges and Limitations 

Transformers, while powerful, are not without their challenges with several being extremely 

notable and possibly detrimental. We will cover some of the primary driving factors as to why this 

type of new-age tech is so difficult to be incorporated when it has been shown to be one of the 

best examples of AI to date. Their highly computational and complex nature requires a thorough 

understanding of the attention mechanism and benefits from existing knowledge of previous 

neural network types. Having eighty years of experience in neural network design with fields like 

mathematics, computer programming, neurophysiology, and psychology to aide in development 

helped shape Transformer networks today. Significant infrastructure is required to operate such 

large networks with expensive hardware such as GPUs and TPUs to facilitate a fast processing 

environment. Since the quadratically-scaled sequences are heavily interconnected with thousands 

to millions of parameters involved, it is a game of balance between having an accurate or quick-

starting system. 

A benefit to being in an era with Big Data available, means that an abundance of information is 

available to the public. However, that may pose to be a double-edged sword in that large sums of 

data are needed to be processed with questions raising if the sources are credible and research 

worthy. Although not particularly sensitive to outliers, having more training samples does help 

with building a robust model. This can be a challenge to very niche applications where data is 

limited for example in the field of medical research or custom applications for specific fault 

analysis. Having limited information in this regard creates a bias to the data that is hard to 

differentiate between domain gaps. Typically, lengthy pre-processing procedures and reduction 

techniques are needed to condense the information into a palatable form. 

Interpretability is often difficult to explain in large models because of the many components 

associated wiǘƘ ŀ ŎƻƳǇƭŜȄ ƳƻŘŜƭΦ ¢ǊŀƴǎŦƻǊƳŜǊǎ ŀǊŜ ƻŦǘŜƴ ŎƻƴǎƛŘŜǊŜŘ ŀǎ άōƭŀŎƪ-ōƻȄέ ƳƻŘŜƭǎ ŀǎ 

many of their inputs are passed through many repeating layers and get transformed into all shapes 
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and forms both sequentially and parallelly. It becomes hard to pinpoint which part of the model 

has an error during troubleshooting. Additionally, because of the biases that can be built, sensitive 

topics make it hard to produce clear explanations for predictions at a high-level. Think of financial 

indicators, legal actions, and medical diagnosis that requires formal documentation on the 

reasoning behind decisions. Transformers must be adapted in these areas to make their 

interpretability and explainability accessible. 

Scalability, resource requirements, and energy consumption are heavily related to one another. 

Transformers benefit from being able to ingest heaps of data and build models to perform a 

variety of tasks with slight alterations meaning they can be scaled easily. However, we go back to 

the complexity involved with an exponentially increasing computational cost. Unless backed by 

large corporations and research grants, the physical hardware required to run numerous 

processing units may not be practical for large-scale models. Deploying the level of transformer 

models as GPT-3 and BERT results in high energy consumption. The environmental impact can be 

quite severe for such models which drives financial costs further. Developing simpler transformer 

models may lead to a more elegant solution in all aspects. 

Finally, a real-time solution is often unreasonable when dealing with deep networks that require 

intensive training. Since models are constructed with vasts amount of data, even supercomputers 

require adequate time for constant static or dynamic predictive processes. Their computational 

intensity can lead to high interference latency making them less suitable for instantaneous 

decisions, such as in the case of autonomous vehicles or real-time language translation. Running 

transformer models on edge devices (mobile devices) or in low-latency environments can be 

difficult because they lack the computing power necessary. Even using a cloud connection, we rely 

on the speed of the connection to pass large amounts of data up and down the network while 

maintaining an undistorted datastream. Techniques are being used such as model compression 

and distillation to address these issues but they add another layer of complexity to the model. 

Ensuring that the ease of use and minimal computation time enables a broader adoption of using 

Transformer-based neural networks for all applications particularly in fault detection and 

diagnostics. 
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4 BSG Test Setup and Data Collection 

4.1 Basis for Testing and Experiments 

 

Figure 20: BSG Test Bench Setup (left); Mass Imbalance Faults (Experiment #1) (right) 

 

Figure 21: Disassembly of BSG (left); Table of Bearing Fault Conditions (Experiment #2) (right) 

Experiments were conducted at CMHT to collect test data for a series of faults: The two main 

groups of tests are categorized as Mass Imbalance and Bearing faults. Both experiments were 

carried out with the same apparatus and setup: a Stellantis eTorque belted starter generator is 

mounted on a D&V Electronics HT-250 Tester. Power is supplied to the electric motor in which the 

output torque is measured by the dynamometer. An assortment of sensors are affixed to the test 

bench including: 2x microphones, 2x accelerometers, and 3x current/voltage sensors. Each test 

run iterates through pre-determined setpoints of RPM and Torque supplied by the motor. Data 

from the sensors are stored in the on-board computer. 
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In Experiment #1, a set screw or bolt of varying size is inserted into the threaded hole of the pulley. 

It is asymmetrical in shape so that the mass becomes imbalanced during rotation. The size of the 

screws range from 1.200g - 21.996g. Fault conditions are labelled #0-7 as found in Table 3 below. 

Fault #0 represents a healthy condition with perfect balance. Fault #1 is the condition for the 

slightest imbalance gradually moving up to Fault #7 for the most severe. Interval from Fault #6 to 

Fault #7 is significantly greater in added weight. 

Table 3: Mass Imbalance Fault Conditions 

Fault 

Condition 
#0 #1 #2 #3 #4 #5 #6 #7 

Screw 

Type 

N/A Hollow 

Head 

Set 

Screw 

Hollow 

Head 

Set 

Screw 

Hollow 

Head 

Set 

Screw 

Socket 

Head 

Cap 

Screw 

Socket 

Head 

Cap 

Screw 

Socket 

Head 

Cap 

Screw 

Socket 

Head 

Cap 

Screw 

Dimension 

N/A оκуέ ς 

16 x 

1/4" 

оκуέ ς 

16 x 

оκуέ 

оκуέ ς 

16 x 

мκнέ 

оκуέ ς 

16 x 

рκуέ 

оκуέ ς 

16 x 

оκпέ 

оκуέ ς 

16 x мέ 

оκуέ ς 

16 x 1 

мκпέ 

Weight 0 1.200g 2.768g 4.11 g 5.586g 6.778g 9.55g 21.996g 

 

In Experiment #2, we investigate different types of bearing faults such as reduced lubrication, 

inner, outer, and ball bearing surface defects. Each test begins with a teardown of the BSG and 

etching a mark onto the affected surface that is to be tested. The extent of the surface damage is 

1.0mm2 in area with the surface depth to be controlled at a fixed amount which provides adequate 

penetration using a rotary hand tool mounted on an engravement stand. Lubrication faults will 

equal to <15% of the original weight of the bearing, for the purposes of the test it is standardized 

for each bearing to contain either the full amount of grease or half the specified amount. Due to 

sourcing issues, tests are to be conducted with aftermarket bearings produced by SKF which 

match all tolerances of OEM specifications. Fault conditions range from #1-9 as found in Table 4 

below. A matrix of two bearing defects + lubrication level equates to 8 different conditions with 

Fault #9 representing the control of an intact OEM bearing. 
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Table 4: Bearing Fault Conditions 

Fault 

Condition 

#1 

(AM) 

#2 

(AM) 

#3 

(AM) 

#4 

(AM) 

#5 

(AM) 

#6 

(AM) 

#7 

(AM) 

#8 

(AM) 

#9 

(OEM) 

Inner 

Ring 

Defects 

None None None None 1.0 

mm2 

1.0 

mm2 

1.0 

mm2 

1.0 

mm2 

None 

Outer 

Ring 

Defects 

None None 1.0 

mm2 

1.0 

mm2 

None None 1.0 

mm2 

1.0 

mm2 

None 

Ball 

Defects 

None None 1.0 

mm2 

1.0 

mm2 

1.0 

mm2 

1.0 

mm2 

None None None 

Grease 

Fill Level 

Normal 

Fill 

Low 

Fill 

(50%) 

Normal 

Fill 

Low 

Fill 

(50%) 

Normal 

Fill 

Low 

Fill 

(50%) 

Normal 

Fill 

Low 

Fill 

(50%) 

Normal 

Fill 

 

The objective to collecting these two sets of data were completed with two goals in mind: 1. To 

observe the feasibility of employing transformer-based architectures on customized sets of time-

series data and 2. To formulate new, effective diagnostic methods and analysis of specific 

measures for the failure modes of electric motors. In this research, with collaboration from the 

FDD team at CMHT, we analyze the recorded measurements of the system in hopes of showcasing 

a new and efficient method of determining faults for real-world data. By simulating problems that 

may exist in mass-manufactured products, we hope to prognose with early detection the common 

symptoms found in faulty rotating machinery in order to negate total mechanical failure of a 

system. In this case, saving a core component that is the electric motor of an automotive vehicle 

which affects efficiency, power, and emissions. 
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Figure 22: Bearing Engraver Stand 

 

Figure 23: Ball Bearing Internals 
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4.2 Test Bench Specifications 

Tester (Dynamometer): 

In order to measure the output of an electric motor, we must mechanically connect it with another 

device of a known resistance to calculate its power and torque. This is done through the use of a 

dynamometer which is a device similar to an electric generator that is capable of simulating a load. 

An electric current gets produced when the dynamometer is driven wherein its value can be 

measured to calculate the force that was applied. Mechanical coupling between the DUT and 

dynamometer can be achieved with a direct-drive, through gearing, or a belted connection. 

There are many types of dynamometers in existence which operate under the principle of 

absorption (consuming mechanical energy exerted by the DUT) such as eddy current, hysteresis, 

hydraulic brake, and more. The type of tester we will use in our data gathering initiative comes 

from an Electric Motor/Generator unit in the HT-250 Tester which works well with BSG testing. It 

includes all the high voltage requirements of powering both the DUT and the dynamometer and 

is available as a variable frequency AC drive. This type of dynamometer allows for reverse drive as 

well, enabling it to drive the DUT to measure its friction, pumping losses, and other factors. 

This tester is able to accommodate integrated motor generators and variable frequency drives up 

to 25kW or 90Nm. It can measure active and apparent power, power factor, efficiency, torque, 

resolver angle, back EMF, EMF constant, amplitude imbalance, DUT temperature, and sound and 

vibration. We will focus our analysis on sound and vibration while collecting other data in addition. 

User interface is provided by the DV-Pro software which connects the operator to the tester where 

manual or automated testing can be done. We will discuss a testing plan and the procedures to 

collect the data in Subchapter 4.4. The data acquisition system utilizes TwinCAT PLC real-time 

control software to monitor and gather the various data streams described above. The system is 

water-cooled with an oil-circulation unit for constant flow and temperature [45]. 

Device Under Testing (Motor): 

The medium for our rotating machinery will come in the form of a Stellantis eTorque Belted Starter 

Generator. A 48V electric motor that is found in the Ram 1500 5.7L V8 Pickup Truck. It pairs well 
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with the tester as it operates with the use of an 8-rib belted pulley which mates with the flywheel 

of the dynamometer. This electric motor, a type of mild-hybrid, is attached to the engine via the 

serpentine belt in its automotive applications which enable features such as stop-start, e-Roll 

assist, rev matching, regenerative braking, and acts as the electrical source for other components. 

The motor is capable of producing a peak of 9kW (12hp) of power and 67Nm (39 lbẗft) of torque. 

It can operate at a theoretical limit of 18,000rpm at no-load conditions (zero torque), but we will 

test up to a maximum of 17,000rpm. The motor is air-cooled with numerous fins acting as a 

heatsink surrounding it and the motor controller which it mounts to on top of the motor casing. 

The bulk of the casing and components are made of aluminum along with the custom mount 

designed to stabilize and hold the motor in place on the testbed during operation. 

Voltage, current, and vibration sensors are directly attached to the motor via AC closed-loop 

current sensors and high-speed accelerometers which are mounted to the casing. Situated inside 

the motor is a thermocouple which measures internal temperature. More information about the 

sensors and signals can be found in the next Subchapter. 

Environment: 

The test setup is located inside one of 4 test chambers situated at the Centre for Mechatronics 

and Hybrid Technologies lab. The room is temperature controlled to 21°C throughout the space. 

It is important to note, that each test run is completed at different times of the day to account for 

potential differences in minor temperature fluctuations and humidity changes. The DUT may 

become hot when run extensively, an initial temperature range is set at 25-30°C before data 

collection may begin. If the motor exceeds this range, the operator must wait for the motor to 

cool. The test chamber is sound isolated as to not affect the various microphones situated within 

the test bench enclosure and in the ambient space of the chamber. 

 

4.3 Sensors and Signals 

Variables Summary: 

Sensor measurements are recorded by the DV-Pro software as .csv, .wav, and .tfd files. 
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To be described in the following Subsection 4.4, post-processing carried out to extract the data 

from the 3 files to a user-friendly form. A Matlab script was created to accumulate, segment, and 

extract the data from the files into Matlab data tables. Each .mat file contains six variables: ds, sv, 

vi, tsDs, tsSv, and tsVi. They represent the dyno speed (1kHz), sound and vibration channels 

(48kHz), voltage and current channels (200kHz), and the timestamps of ds, sv, and vi respectively.  

The 3 main variables we are looking to analyze are ds, sv, and vi, with the time stamp variables 

used as a way to synchronize the values to the same starting point in time. This is necessary as 

issues can pose with buffering when the data acquisition system is storing extraordinarily large 

numbers of data from the high sampling rate sensors on an experimental test bench. We quickly 

learned that the ds variable was insufficient to perform analysis on as the resolution was too low, 

it was better used for troubleshooting and confirmation that the DUT and dynamometer are 

running as they should with the fixed 1.7 belted ratio from BSG pulley to dynamometer flywheel. 

Sound and Vibration: 

The sv variable provides 8 channels which originate from two accelerometers situated on the DUT 

and test bench (XYZ channels for each), and two noise-cancelling microphones located above the 

test bench and inside the enclosure. All of the sensors found in this section have a sampling 

frequency of 48,000Hz. This means that each second of data produces 48,000 data points, thus, 

segmentation is highly recommended to reduce the size of each data file. Channel 1 corresponds 

to the microphone inside the enclosure, Channel 2 for the microphone above the test bench, 

Channels 3-5 for each channel in the X, Y, and Z-axes of the accelerometer found on the DUT, and 

Channels 6-8 for each XYZ channel of the accelerometer on the tester base. 

Voltage and Current: 

The vi variable provides 6 channels of data which come from the 3 current sensors and HT-250 

data acquisition system for voltage. The measurements are taken at the output of the converter 

before going into the DUT. All of the channels found in this section have a sampling frequency of 

200,000Hz, it is very highly, recommended to reduce the size of the data by segmentation and 

possibly down-sampling if required. Channels 1-3 correspond to the three-phase voltage of the 

DUT, and Channels 4-6 for the three-phase current of the DUT. 
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4.4 Test Plan and Procedure 

Test Plan: 

Originally, testing was to be performed under two categories of operating conditions, steady state 

and transient state. However, with the type of analysis we look to perform, it was determined that 

only steady state would be necessary. Transient conditions would require enormous amounts of 

computational power to buffer and store the massive amounts of high-frequency data going to 

the data acquisition system of the tester for our expected wide-range of test conditions. Ramping 

conditions also introduce other unwanted factors in motor control and telematics which would 

fare worse for analysis. 

1. Steady State Tests 

In the steady state tests, a setpoint is configured in the DV-Pro software where a target speed and 

ǘƻǊǉǳŜ ŀǊŜ ŘŜǎƛǊŜŘΦ ¢ƘŜ ǘŜǎǘŜǊ ŎƻƳƳǳƴƛŎŀǘŜǎ ǿƛǘƘ ǘƘŜ .{DΩǎ ƳƻǘƻǊ ŎƻƴǘǊƻƭƭŜǊ ǘƻ ǎŜƴŘ ǎǇŜŜŘ ŀƴŘ 

torque commands to the motor. The motor will then respond by speeding up to the target 

setpoints rapidly before holding the setpoint for a fixed duration. Afterwards, the motor is then 

commanded to return to zero where it will rapidly decelerate back to zero speed and torque. This 

speed/torque curve can be seen in Figure 24. Table 5 shows the total number of setpoints taken 

ŦƻǊ ŀ ǎǘŜŀŘȅ ǎǘŀǘŜ ǘŜǎǘΦ 9ŀŎƘ άȄέ ƛƴŘƛŎŀǘŜǎ ŀ configured setpoint with unmarked (blank) spaces 

meaning they are unachievable due to power constraints. 

 

Figure 24: Steady-State Test Speed Curve 
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Table 5: Steady-State Test Setpoints 

Setpoints 
Speed (×1000 rpm) 

1 2 3 4 6 8 10 14 17  

T
o
rq

u
e
 (

N
m

) 0 × × × × × × × × ×  

5 × × × × ×      

20 × × ×        

40 × ×         

67 ×          

 

2. Staircase Steady State Tests 

Instead of resetting the DUT after each setpoint is reached, we can save time by not commanding 

the motor to return to zero. But to go to the next setpoint after the hold time is met. By using this 

strategy, time and energy is saved from having to wind the motor up and down between setpoints 

and data collection can be completed with ease. The staircase steady state tests allow each run to 

iterate through all the setpoints of one row in Table 5. With the exception of zero torque, it is split 

into 1,000-6,000rpm and 8,000-17,000rpm segments. This is because running all 9 setpoints in 

one run will overheat the motor outside of the acceptable temperature range. Within each run, 

the temperature does not rise by more than ±1 degree which deems the staircase strategy to be 

efficient in saving time and energy without skewing the quality of data. 

 

Figure 25: Staircase Steady State Speed Curve 

Test Procedure: 

Refer to Appendix B. 

Demonstrates the use of DV-Pro software to run through script and configure software. 
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4.5 Data Collection Summary 

Over the course of 14 months, hundreds of tests were conducted over thousands of hours by the 

team at CMHT. Collecting the data was not an easy process as we had many aspects of logistics to 

consider such as acquiring the tester and components, troubleshooting and setup of the system, 

designing custom mounts and pulleys to be machined, electrical connections and sensor 

attachments, software issues with connectivity and compatibility, mechanical failure of parts, and 

more. In total, the initiative underwent three full years of development across numerous 

researchers and industry professionals. 

The scope of the research partnership agreement was to investigate faults with the MGU (Now 

referred to as BSG) using AI. With focus on collecting and analyzing sound and vibration first and 

foremost, 3 types of faults were to be considered: mass imbalance, bearing faults, and electrical 

short-circuiting. In this thesis, we will discuss only mass imbalance and bearing faults. A brief 

analysis conducted early on in the project concluded that electrical faults would be difficult to 

differentiate as the in-depth measurements required at multiple points throughout the motor 

were unavailable. Overall voltage and current data were still recorded by the data acquisition 

system (DAQ) and could possibly be analyzed further in the future. Other researchers have 

concluded similar sentiments with their analysis and ultimately, it was decided that vibration data 

was the most impactful for time series sensor data. 

Based on the foresight of fellow researchers, with Experiment #1, it was established that the mass 

imbalance signature was most exacerbated at high RPMs. Thus, the data used for mass imbalance 

analysis was conducted at the setpoint, 0Nm and 17,000RPM. Note, all setpoints were gathered 

with emphasis placed on this particular setpoint. A total of 42 sets of data for this setpoint are 

used across the 8 fault conditions, Table 6 describes the distribution of data to each class. An 

uneven number of datasets are the result of data collection issues where we encountered part 

failures that necessitated parts to be swapped or requiring extra data for comparison between 

similar classes. E.g. BSG1 stopped working halfway through testing wherein BSG2 needed to be 

swapped in. However, there are good baseline datasets which encompass a full range of faults 

without changes to the setup. Our validation proved that occasional part changes created 

negligible discernments on the quality of data. 
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For Experiment #2, the nature of bearings inherently possesses different characteristics in terms 

of producing a sound or vibration signature depending on load and speed, thus all setpoints must 

be used. A magnitude of testing hours greater than Experiment #1 was required due to the 

disassembly of the BSG in order to swap the bearings located inside. This proved to be a very 

difficult process as errors in removal processes often lead to broken parts such as chipped rotor 

fins, gouged shafts, snapped clips, and misaligned casings. Extra precaution was taken to ensure 

that the changes listed would not affect the data and each test run remained identical. However, 

occasionally the datasets may not be fully complete or needed to be discarded after the discovery 

of issues regarding the setup. On the other hand, all data included in this analysis have been 

validated to be of quality and can undergo technical analysis. A total of 4 completed sets of data, 

running through every setpoint, is conducted for each class. Classes 1 (Aftermarket Healthy), 8 

(IR/OR/Lube Fault), and 9 (OEM Healthy) have 10, 8, 10 sets respectively. Additional datasets were 

collected for these classes to allow for a better understanding of the fault and for validation 

purposes. A breakdown of the distribution of data per class is listed in Table 6 below. 

Table 6: Datasets Per Class for Each Fault 

Fault 

Condition 

(Class) 

#0 #1 #2 #3 #4 #5 #6 #7 #8 #9 

Mass 

Imbalance 

Fault*  

7 7 7 5 4 4 4 4 N/A N/A 

Bearing 

Fault**  
N/A 10 4 4 4 4 4 4 8 10 

*Mass Imbalance = Single Setpoint 
** Bearing = All Setpoints 
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5 Data Pre-Processing, Manipulation, and Augmentation 

5.1 Data Preparation 

 

Figure 26: Spectrogram of An Echolocation Pulse from a Big Brown Bat [46] 

Many ecological, epidemiological, and physical data records come in the form of time series. A 

time series is a sequence of observations recorded at a succession of time intervals. The value of 

the series at some time t is generally not independent of its ǾŀƭǳŜ ŀǘΣ ǎŀȅΣ ǘҍ1. We use specialized 

statistics to analyze time series and specialized data structures to represent them in Python. Time 

series data commonly show periodic behavior. This periodic behavior can be very complex. 

Spectral analysis is a technique that allows us to discover underlying periodicities. To perform 

spectral analysis, we first must transform data from time domain to frequency domain. 

After the events of data collection, where test measurements are saved by the DAQ and stored 

into memory, the .csv files containing voltage, current, and acceleration values are evaluated. 

Figure 28 describes the flowchart of data-processing procedures to transform raw data into input 
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vectors for our Transformer model. Each subchapter will be used to identify the 3 main rows of 

unique steps to achieve this goal. Continuing, the user will confirm that the information matches 

with the .tfd file which is the trace file created by the D&V HT-250 Tester that graphs values in 

real-time. Once confirmed, a Matlab script is used to synchronize all of the variables captured to 

start at the same point in time. This is completed by relaying the buffer order within the DAQ and 

utilizing the time stamp measurements to align the vi and sv signals. Although alignment is not 

strictly necessary for Transformers, it is an inherent feature of this architecture, it will help to ease 

training for the model as well as convert the data to be accessible by different forms of neural 

networks. 

Next, the aligned data is segmented into each setpoint for a further breakdown used in analysis. 

Recall that each test may have a differing number of setpoints, resulting in data files consisting of 

different lengths of captured data. To mitigate this, at steady-state condition, 1-second of data is 

chosen at the timestamp with the lowest deviations from the median value as shown in Figure 27. 

All data from that segment is then saved as a .mat file for further processing in the form of 

matrices. A Microsoft Excel spreadsheet is used to map the segmented matrices to their respective 

file locations. It is sorted and contains meta data such as order number, fault condition, time of 

experiment, and part numbers used. 

 

Figure 27: Raw Data Segmentation and Alignment of Signals using Matlab 
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Figure 28: Data Transformation Flowchart for Raw Sensor Data to Neural Network Input 

Starting with alterations to the data where we first see transformations applied to the sequence, 

data cleansing is conducted to remove outliers, fill in missing fields, and fix entry errors. Then, we 

want to pad and truncate the sequences so that they become shaped to be accessible for network 

training and to remove unnecessary information. 

Following the steps outlined in the core components of transformers subchapter, we will need to 

tokenize the textual data if necessary. This does not always apply depending on your application, 

but consider its use in cases outside of NLP such as in computer vision where images are taken 

with 24-bits of data for true color. Tokenized data is then converted to a numerical word 

embedding. Add positional encoding to the inputs as necessary to provide temporal information 

about where the tokens or features occur in the sequence. Apply layer normalization to the data 

if not already distributed centrally around zero as well as setting the standard deviation to one. 

In the case of FDD, it is not necessary for tokenization as we are handling a numerical sequence of 

values ς it becomes analogous to segmentation and feature extraction which will be covered. 

Typically, time-series data should have positional encoding applied as Transformers work in a non-

sequential manner. However, positional encoding can be foregone depending on the analysis 

type, length of sequence, and data source. When data is converted to the frequency domain, the 

sequential component is lost and only the bin and amplitude remains. Additionally, data from 

varying types of sensors or locations may benefit more from spatial relationships instead. 
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5.2 Data Transformation 

Although analysis can be conducted on time-series data solely, primarily using statistical 

techniques such as autocorrelation, moving average models, decomposition, and anomaly 

detection. It is suggested to operate in the frequency domain as the nature of the classification 

problem is cyclical. In the two fault types being examined, they both belong to rotating 

components of electric machines; thus, pulses of energy propagate through the system at a 

constant and consistent rate. Frequency analysis provides a method to determine the intervals at 

which these propagations manifest throughout a mechanical system. 

The Discrete Fourier Transform is a method to convert a time-series signal into frequency-based 

functions. The requirements are that the time-series is spaced equally between points, is finite in 

length (non-real time), assumes periodicity in containing one period of an infinitely repeating 

signal, and follows the Nyquist-Shannon Sampling Theorem which states that the signal must be 

sampled at twice or greater of the highest frequency present. The latter point is an important 

point of discussion as it effectively reduces signal length by half as well as preventing aliasing 

issues. The DFT itself is possible for direct computation, however, it is extremely time consuming. 

A highly-efficient algorithm called the Fast Fourier Transform was developed in 1805 by Carl 

Friedrich Gauss who used the formula to interpolate the orbits of asteroids [47]. However, it 

wŀǎƴΩǘ ǳƴǘƛƭ мфср ǿƘŜƴ WŀƳŜǎ /ƻƻƭŜȅ ŀƴŘ WƻƘƴ ¢ǳƪŜȅ independently reinvented the equations 

first crafted by Gauss to form the modern-day, generic-form FFT [48] [49]. It was developed during 

the height of the Cold War to detect Soviet nuclear launches, preventing a possible third world 

war. The algorithm is now recognized as one of the most important algorithms of all time and is 

used in practically every industry and electronic device today. 

 

ὢ  ὼὩ Ⱦ  (5.1) 

The Fast Fourier Transform is described by Equation 5.1, where Xn is a complex number, n is the 

data size, and Ὡ Ⱦ  is a primitive n-th root of 1. Evaluating the expression requires O(ÎlogÎ) 

operations which is ƻǊŘŜǊǎ ƻŦ ƳŀƎƴƛǘǳŘŜǎ ŦŀǎǘŜǊ ǘƘŀƴ 5C¢Ωǎ hόƴ2). The FFT achieves this by 

factoring the DFT matrix into a product of sparse factors reducing complexity. 
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When taking the FFT of our prepared data, shown in Figure 29, we can clearly see distinct peaks 

that appear in the power spectrum graph below. These results came from data that occurred on 

one test day, using all accelerometer channels, at the setpoint 40Nm 2000RPM, and utilizes the 

entire sequence length. Three major peaks are seen at 350Hz, 700Hz, and 1200Hz which is 

plausible from a fundamental rotation frequency even slower at 2000RPM or 33.33Hz. 

The reasoning behind this phenomenon is that ball bearing fault frequencies are generally related 

to harmonics or multiples of the fundamental rotation frequency including: 

¶ Ball Pass Frequency Outer Race (BPFO) 

¶ Ball Pass Frequency Inner Race (BPFI) 

¶ Fundamental Train Frequency (FTF) 

¶ Ball Spin Frequency (BSF) 

Mass Imbalance fault frequencies are almost entirely based on harmonics or the fundamental 

rotation frequencies. Physical movements in the setup caused by an unbalanced pulley can also 

cause vibrations or impacts with its surroundings resulting in either high-frequencies due to 

resonance or sporadic pulses in the time-series data which resemble flat, broadband noise. 

 

Figure 29: Double-sided FFT Results on Mass Imbalance Data; all channels, 40Nm 2000RPM, full segment 
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Beginning with normalization in the first row and now moving onto transformations, these pre-

processing steps are conducted with a new Matlab script that handles the data matrices created 

from the initial segmentation of the raw data. It has read the Excel File created to pull the data 

matrices for analysis in applying the aforementioned FFT and now the denoising techniques. We 

see in Figure 29, there are lots of small peaks scattered throughout the power spectrum range 

that we would like to remove for Transformer model training. 

Two types of simple denoising techniques were applied to the input data and tested for an 

increase in performance: low-pass filtration and hard thresholding. A low-pass filter allows signals 

with a frequency lower than the specified cutoff frequency to be transmitted and the higher 

frequencies to become attenuated at a certain steepness. For testing, the cutoff frequency was 

set at 10% of the Nyquist frequency with a steepness of 85%. Hard thresholding is a basic method 

that sets values above and below a certain magnitude to zero-value. For testing, either 10% of the 

peak magnitude in the time-domain or a value of ±0.5 in the frequency-domain were chosen from 

inspecting the graph. Both of these techniques were applied in both the domains to see the effects 

of denoising pre and post Fourier transforming. 

While it is ideal to remove insignificant spikes caused by noise from the frequency spectrum, it is 

ill-advised to apply techniques that utilize smoothing to produce a cleaner spectrum. As 

smoothing rounds out the curve of a signal, it would not be suitable for training a neural network 

that relies on anomalies in the form of peaks in the feature extraction process. We want to 

maximize the magnitude read-out from the FFT in order to learn the strongest features for each 

fault condition. Although the two techniques described are simple in nature, they should be 

effective to achieve these results. However, one can explore other filter-based, wavelet-based, or 

deep learning-based denoising techniques that are more advanced for higher signal-to-noise 

separation. 

Figures 30 and 31 describe the before-and-after effects of denoising in the time-domain of the 

time series signal with a representation of the accelerometer raw data and power spectrum. 

Figure 32 describes the effects of denoising post conversion of the time series signal in the 

frequency domain. Comparing the original data on the left-most graphs to the denoised data on 

the right, we observe that denoising is better suited to being applied post Fourier transform. 
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Figure 30: Denoising Time-Domain Acceleration Signal Pre and Post-Filtering (Time-Series) 

 

Figure 31: Denoising Time-Domain Acceleration Signal Pre and Post-Filtering (P-Spectrum) 

 

Figure 32: Denoising Frequency-Domain Accel. Signal Pre and Post-Filtering (P-Spectrum) 
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A large proponent to the drive of this method of Transformer-based neural networks for FDD is 

for rapid deployment. Although real-time solutions of fault detection would be ideal, it is 

impossible with the technology at its current state to evaluate such large amounts of data and 

apply it in immediate succession. We compromise by reducing the amount of data needed to be 

processed and reducing learning times while maintaining high levels of accuracy. 

With sequence-to-sequence transduction, it is crucial for sample lengths to not overbear the 

memory constraints of the neural network machine during instances of long sequences. This 

obstacle is one of the largest problems representing the implementation of Transformers strictly 

due to the amount of memory being stored simultaneously between all of the attention heads. 

With other sequence-based architectures like RNNs and LSTMs, one can expect the same issues 

to a much smaller degree; a lengthy sequence might be problematic, now imagine having 8 or 16 

times that for a typical transformer network. 

Depending on the type of data and timeframes required for your application, sensor type and 

sampling rate can be of utmost importance. For moments where high-speed, sensitive data is 

being recorded we must ensure two tasks: 

1. The recorded time-series signal includes the period where fault conditions are present 

2. Appropriately sized and number of periodic cycles are captured for the DFT 

The synchronization between recorder medium and physical motion must not be overlooked. It is 

without question that the fault signature must be included in the data recording, however when 

dealing with sensors that have a high sampling rate, we must utilize a high-speed data acquisition 

system in conjunction. A thorough understanding of the recording method was investigated to 

ensure that the D&V recording software had enough bandwidth to save the rapidly sampled 

vibration, current, and voltage signals in the magnitudes of 104. The buffer size is capable of storing 

all of the necessary information without being overwritten when operating at high sampling rates. 

Additionally, one can use a programmable script to align the starting points of the saved files and 



M.A.Sc. Thesis  McMaster University 
Jonathan Wong  Department of Mechanical Engineering 

 

 

65 
 

physical motion of the machine if the computer processor cannot handle both operations 

simultaneously. 

Typically, a larger number of periods result in a better frequency resolution allowing for more 

precise values of the bins during Discrete Fourier Transform application. Although it is only 

theoretically necessary to capture a single period to calculate the frequency of a signal, the 

difficulty is increased when operating at high-speeds ς the recording duration could be as short as 

a thousandth of a second which is inadequate for capturing a full revolution of the motor. 

Spectral leakage is also a concern for complex signals when a non-integer number of periods is 

used for calculation of the DFT. It occurs when the signal does not completely fit in the analysis 

window, causing energy to spill into adjacent bins. The effects of spectral leakage cause the values 

in the frequency domain to become offset or distorted from the true frequency value of the 

physical signal. It may manifest as noise or perturbations in the DFT values which look like the 

ripples of a waveform when graphed. One solution is to use windowing to frame the signal to 

contain an exact integer number of periods or reduce the effects of spectral leakage when having 

to deal with a non-integer period signal. Hann and Hamming windowing methods are commonly 

used for this purpose, they are attributed to minimizing the side lobes to produce clean frequency 

signatures with little scalloping. 

 

Figure 33: Effects of Spectral Leakage and Windowing [50] 
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Figure 34: Data Length Shortening Progression 

With the signal transformed and framed to its final form, we must condense the sequence length 

to a shorter format. The steps described below are customized for the computer in which our 

transformer neural network will be trained on, but the concepts can be applied to any network. 

As mentioned in the thesis objectives, we look to deploy the transformer-based fault detection 

and diagnostic method rapidly. This means that the information being trained requires minimal 

processing from the raw data stage to the input samples. Considering the strength of Transformers 

is in parallel deep learning and the attention mechanism for long memory formats, this ties into 

our objective in keeping the input as close in shape to the original data as possible. Due to the 

sheer amount of data we look to process from data collection as well as multiplying the amount 

of data currently available, which will be described in the next subchapter, each input sequence 

will need to reduce in feature size from 48,000 Hz to 2,400 Hz. 

The process in which this transformation is shown in Figure 34. Based on the sampling rate of our 

vibration sensors, the main signals being used for our analysis, it first becomes shortened from 

the data alignment process. Parts of the signal are discarded and synchronized up to a certain 

point in time which equates to 200 milliseconds or 9,600 Hz of discrete time series values 

removed. Next, we apply the Fast Fourier Transform algorithm to compute the DFT which enables 

us to remove the negative frequencies of the signal producing a one-sided frequency spectrum, 

essentially shortening the sequence length by half. Then, because of the nature of the bearing and 

mass imbalance faults, we can determine that the higher frequencies are redundant to the 

analysis which can be confirmed by looking at the fault signatures in Figure 35 and Figure 37. 

Beyond a certain frequency, all other amplitudes are non-existent or are present in the form of 
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noise with powers close to zero. As a result, we cut off the right-hand side of the power spectrum 

reducing the sequence length in half once again. Now at 9,600 Hz or feature size, we begin 

segmenting the sequence into two portions, this is conducted purely to reduce the size of the 

input to allow for a stronger network architecture with more attention heads and total number of 

transformer blocks as well as decrease training time by increasing batch size. It can be said to be 

a result of trial-and-error to determine how far we can push the memory constraints of the 

computer system on hand. This iterative process is trialed after the neural network has already 

been configured and the program script is compiled, it will fail shortly into training if memory 

limits have been exceeded. By labeling both of these two segments as the same fault class, the 

Transformer can be trained to identify these two sequences as being the same condition. 

Therefore, we do not need to worry about the two halves of the power spectrum appearing as 

unique plots. Finally, we downsample the signal by a factor of two to give a final reduction from 

4,800 Hz to 2,400 Hz. This feature size is now perfect for our architecture parameters that will be 

described in Chapter 6. Calculations and testing were also used to prove that abundant 

information remains within the input where downsampling has removed. 

 

5.3 Plotting Fault Conditions and Choosing the Right Data 

At this point in time, we want to plot and visualize our data to ensure that the transformative 

stages produce reasonable outcomes. To prevent unwanted factors and biases towards one type 

of data, we will focus the inclusion of raw data to be provided by only one sensor. Due to the 

format of voltage and current files being in .wav format and sampled at roughly quadruple times 

greater than the sound and vibration sensors, we will omit those results. However, certain types 

of electric machinery faults rely on these signals to be used for certain types of analysis. 

Preliminary results from members of the CMHT group have found verifiable evidence that they 

hold necessary features for fault detection when used for electrical faults such as inter-turn short-

circuits and worn winding faults. For the purposes of this research, we will inspect the sound and 

vibration data with their respective plots shown below. 
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Figure 35: Power Spectrums from All Sound and Vibration Channels 

Figure 35 compiles the power spectrums from all 8 channels of the two microphones and two 

accelerometers as noted in /ƘŀǇǘŜǊ пΦм ά.{D ¢est SetupΦέ The data used to produce the FFT results 

is chosen at random, selected as being the first setpoint of 0Nm, 1000RPM. All of the sensors show 

a clear peak at 480 Hz, the fundamental frequency, with harmonics appearing thereafter. We can 

observe Microphone #2, placed outside of the test chamber, to contain large amounts of noise at 

a frequency range below 400Hz. It also contains many irregular peaks that do not match those 

visible in any other sensors, therefore, it can be deduced that they originate from outside sources 

unrelated to the fault condition. Both Microphone #1 and Accelerometer #2 have a number of 

peaks under 200Hz which do not appear to be fractional or sub-harmonic to the fundamental 

frequency, so again we can discard their information as being a by-product of environmental noise 

or acoustic sensitivity. Although detected in both sensors, the strength of the sole two peaks of 

Accelerometer #1 contribute to a much greater power which becomes more reliable for 

information quality compared to that of Microphone #1 and Accelerometer #2. Cross-verification 

across multiple tests and different setpoints confirm these findings. All axes of the accelerometer 

produce the same trend and similar power levels as one another, therefore we will have three 
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times the amount of data available with each test. Accelerometer #1 will be chosen as the sole 

sensor to supply raw data for transformer network training. 

When choosing data that fits a desired shape when plotted, it is ideal to visualize how each of the 

faults may appear. Figure 36 shows the nuances between each of the 9 fault conditions found in 

the bearing fault experiment. These small differences in the graphs are what the Transformer 

architecture will learn in terms of feature selection to be able to classify the correct class that each 

sample belongs to, thus diagnosing issues within an electric motor. Figure 37 shows the effects of 

inducing frequency based on speed and load applied; demonstrating a physical explanation 

between vibration and sound generation. We will discover that certain faults are better suited for 

detection at specific operating conditions compared to others. 

 

Figure 36: Comparison of Frequency Signatures Between Each Bearing Fault at 0Nm, 1000RPM 

 

Figure 37: Analysis of Major Test Setpoints 
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Finally, it is essential to verify the entirety of your data that neural networks heavily rely on to 

generate concrete evidence. By plotting the day-to-day variation between all of the datasets 

collected during testing, it allows us to find potential errors in machine setup, environmental 

conditions, disk writing failures, and errors in compilation and scanning. The graph shown in Figure 

38 provides a check by showing the very minimal amount of change that is to be expected to occur 

through genuine variability rather than issues associated with our setup. Each row provides a 

compare-and-contrast between the YZ axes as well as motor swaps and internal parts changes 

which is valuable to learn that the data has been collected uniformly and is ready for training. 

 

Figure 38: Observing Minor Variations Between Datasets on Setpoint #1, Channels #3/4 
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5.4 Data Augmentation 

 

Figure 39: Viable Data Augmentation Techniques [51] 

An exercise was conducted in order to generate a larger amount of data for our Transformer-

based neural network to learn from. Custom datasets are prone to having difficulty with AI 

methods of fault detection and diagnostics due to the lack of valuable data that may not be 

available without years of collective data-gathering effort. Our team at CMHT have been 

constructing the testing apparatus for these experiments extensively, each operation takes 

painstakingly long periods of time to gather, transform, and validate a suitable set of data which 

researchers can utilize. Unfortunately, this type of information is often times too unique and 

cannot be found online. But, a method to multiply the existing number of samples does exist in 

the form of data augmentation. 

Data augmentation is a growing technique used for the training of deep neural networks with 

limited datasets. By artificially expanding the size and degree of variability of a training set, data 

ŀǳƎƳŜƴǘŀǘƛƻƴ Ŏŀƴ ƛƳǇǊƻǾŜ ŀ ƳƻŘŜƭΩǎ ƎŜƴŜǊŀƭƛȊŀǘƛƻƴ ŎŀǇŀōƛƭƛǘƛŜǎΦ Originally developed for image 

recognition in CNNs, they can also be applied to numerical sequences such as frequency spectrum 

bin values. There are a number of basic transformations that can be applied to an existing dataset 

to increase the total number of samples available for training which will make any neural network 

more robust. Examples of transformations can be seen in Figure 39 with the selection of 

transformations that will be used in this thesis encircled in green. These transformations are 
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amongst the most commonly used transformations for all types of applications based on their 

simplicity and ease of use. Complex augmentation techniques also exist and are an active field of 

research amongst data scientists and machine learning engineers. The benefits of these more 

complex algorithms are that they create additional solutions that work with a particular type of 

dataset. In instances where a sequence may not have high values in certain regions that do not 

reflect the physical reality of a periodic signal, for example in a power spectrum sequence that has 

a sinusoidal wave of 50 hertz, it would not make sense to artificially create a spike at 100 hertz for 

the sake of applying a translational transformation. 

Additionally, pattern mixing techniques, such as SMOTE and SPAWNER, do not assume that the 

results of basic transformations equate to realistic samples that are typical with existing ones. 

Instead, they combine one or several patterns to create reasonable results. Generative models 

are an entirely separate entity that evaluate the feature distribution in an existing dataset in order 

to create brand new samples, they can be classified as statistical or neural network-based models. 

GRATIS and GAN are examples of generative data augmentation techniques. Due to their 

complexity and complication to the main objective to this research, we will refrain from using the 

more complex algorithms for data augmentation. Instead, we have determined the best options 

for basic transformations based on the Table 7 below. 

Table 7: Data Augmentation Recommendations for Data Type and Model Type 
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Within this data augmentation method selection exercise, we referenced the table provided by 

Iwana and Uchida (2021). It is a mapping of the suggested data augmentation techniques based 

on data type and neural network model type. We narrowed down the criteria to data that is most 

similar to the raw data collected from the accelerometers used in our testing as well as models 

that are closest in architecture to a typical Transformer neural network. This resulted in analysing 

electrooculography (EOG), electrocardiogram (ECG), hemodynamics (Hemo), spectroscopy 

(Spectro), and electromyography (Spectrum) datatypes. And multilayer perceptron (MLP), long-

short term memory (LSTM), and bi-directional long-short term memory (BLSTM) neural networks. 

The data structure, length of sequence, and sample profile are all factors considered when 

choosing these datatypes for their closeness to vibration sensors. Classifier type, architectural 

structure, and directional capabilities are the factors that contribute to the selection of model 

types. With these variables considered, we took a count of the top five augmentation techniques 

based on the highest occurrence rates and summarised a table with the grand total of each 

technique. We filtered out for techniques that were inapplicable to our data and once again 

selected the top five techniques: jittering, window warping, scaling, time warping, and SPAWNER. 

Jittering: 

The process of adding small, random noise to each data point in a time series. Simulates minor 

variations in measurement noise that may occur in real-world data. Jitter is generated by 

multiplying a small ratio of the standard deviation taken from a Gaussian distribution with a mean 

of zero and added to the original data point. 

Window Warping: 

Selects a random window (segment) of the time series and applies a scaled temporal coefficient 

to stretch or compress the segment without affecting the entire time series. The starting point 

and duration of the window can be randomized at different rates. The number of times a sample 

is warped can also be chosen as a parameter. Since changes are made only through a certain range 

of timestamps, this method can potentially change the total number of points of the time series. 
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Scaling: 

Adjusts the amplitude of each data point in a time series by a predetermined or randomized factor. 

This form of basic transformation is applied to the entire sequence with a singular variable. Typical 

values are chosen in small percentages close to one to avoid harsh changes to the original data. 

Time Warping: 

Similar to window warping, time warping changes the time intervals between data points, but 

differs by applying it throughout the entire time series. Knots are randomly placed throughout the 

time series with a minimum of one knot separating the sequence into two or more segments. The 

rate at which each segment is sped up or slowed down is controlled by the variable sigma, .̀  

Typically, a randomized cubic spline is generated to form the basis of the warping path. The spline 

is always calculated with respect to the original sample points through a series of cubic spline 

interpolations and rescaling. The warping path consists of normalized and randomly distributed 

sequences equal to the number of knots which have been linearly spaced and transformed by the 

curve rate ( )̀. A cumulative sum of the sections of randomized curves are added and an element-

wise operation is performed on its entirety to match with the original size of the input shape. The 

original sample is then 1D linearly extrapolated with the warping path to create distortions. 

SPAWNER (SuboPtimAl Warped time series geNEratoR: 

Developed in 2019 by Kamycki et al., SPAWNER was a novel concept which aims to combine 

warping and interpolation based on suboptimal alignment of time series data. It generates a new, 

synthetic sequence with the original structure that contains altered temporal characteristics [52]. 

Upon trial of implementing these data augmentation techniques into our pre-processing script in 

MATLAB, it was evident that window warping was going to affect the results of a power spectrum 

negatively in shifting the true frequency(ies) of the fault condition. It was opted to go with another 

data augmentation technique called Local Averaging transformation ς another basic 

augmentation technique that works well by establishing a small shift to the data points while 

keeping the same trend in the data. An interpolated value between two groups of points are taken 

as part of the new sequence with a padded value that extends beyond the total number of points 

equaling to the group size to prevent a change in total length. The group size can also be adjusted 
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to create a smoothing effect which helps with short-term fluctuations and makes long-term trends 

more apparent. Local Averaging can also be applied to both the time or frequency domain offering 

extra customizability. SPAWNER was removed for the sake that it is an encompassing technique 

that works to combine multiple basic transformations which makes it harder to quantify the 

effects of each transformation and undermining the variability and control of each transformation. 

Overall, data augmentation helps to create diversity in the training data to prevent an overfit 

model with an originally limited dataset. It also provides additional sample sizes that can help to 

condense the hidden features lying within a dataset to make classification easier. When used with 

unbalanced datasets, they can also equalize the total number of training samples to prevent bias. 

Although generated data comes largely from the transformations of existing data, we are able to 

treat the majority of samples as unseen ς with the exception of samples provided by a Generative 

model which are more susceptible to errors within its model. By exposing the neural network to 

a wider variety of new scenarios, data augmentation improves generalization, reduces overfitting, 

and increases robustness thus boosting its ability to perform accurately on the original data. It is 

heavily used in industrial applications where time series data is limited yet critical such as in 

finance, healthcare, and manufacturing similarly to the field of fault detection and diagnostics. We 

will discuss the ramifications of employing the different techniques described in Chapter 7. 

  



M.A.Sc. Thesis  McMaster University 
Jonathan Wong  Department of Mechanical Engineering 

 

 

76 
 

6 Proposed Transformer Network and Model Training 

6.1 Preliminary Test on Pre-Existing Dataset 

Ford A Dataset: 

Before we begin creating a transformer-based neural network on our customized dataset, we will 

modify and test a basic transformer derived from the framework provided by Vaswani et. al. From 

the datasets gathered during collection and pre-processing, we look to find similar data types in 

the form of long-sequenced time series data for comparison. 

The Ford A dataset was originally used in a competition for an IEEE World Congress on 

Computational Intelligence in 2008 [53]. It proposes a similar classification problem to diagnose 

whether a fault exists in an automotive subsystem. Each case consists of 500 measurements of 

engine noise and the corresponding classification. It is one of two sets of data collected in typical 

operating conditions with minimal noise contamination; clean vs dirty (Ford B). 

Table 8: Ford A Dataset Transformer Test Model Configuration 

Train Size Test Size Length # of Classes # of Dimensions Type 

3601 1320 500 2 1 SENSOR 

 

 

 

Figure 40: Ford A Transformer Model Confusion Matrix and ROC Curve 
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The model used for this test was conducted using the Keras high-level API and TensorFlow 

platform under the Python language. This interface is a popular choice amongst machine learning 

engineers for their approachable and vast deep learning libraries. It provides many parameters 

that can be customized depending on the architecture and allows users to cover every step of a 

machine learning workflow. Common components of neural networks are readily available and 

can easily be stacked on top of each other for any deep network. An expansive list of metrics can 

be tracked and displayed during and after model training. However, it is up to the programmer to 

choose the types of layers and order of which components goes first. We will be following the 

framework provided by Vaswani et. al. with a shorter structure that includes only a single 

transformer block and minimal number of transformer heads and other parameters. 

Hyperparameter Tuning 

Hyperparameter tuning is another critical aspect of training. Adjusting parameters like learning 

rates, batch sizes, and model architectures can significantly impact the model's performance. 

Researchers experiment with different configurations to optimize results. Although 

hyperparameter tuning is a crucial step in optimizing a neural network and ensuring it achieves 

high accuracy, this preliminary test will be used just to test if it can achieve a reasonable detection 

rate that indicates that the architecture works as intended. We will set variables to the suggested 

values based on popular machine learning papers for general applications. 

How to speculate about the performance of the model? 

An excellent model has an Area Under Curve (AUC) near the value of 1 which means it has a good 

measure of separability. A poor model has an AUC near 0 which means it has the worst measure 

of separability. In fact, it means it is reciprocating the result ς it is predicting 0s as 1s and 1s as 0s. 

And when AUC is 0.5, it means the model has no class separation capacity whatsoever. 

Figure 40 describes the performance of our basic transformer on long-sequence sequential data 

with samples belonging to one of two classes. The confusion matrix on the left shows a table with 

the number of true-positives, false-positives, false negatives, and true negatives from top-bottom, 

left-right. The resulting number of correct classifications are 1,122 out of a test size of 1,320 

equating to an accuracy of 85.0%. Coincidentally, it also has a good separability measure of 0.85. 
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6.2 Mass Imbalance Invariant Data Model 

 

Figure 41: Proposed Transformer Neural Network Design 

Having successfully executed a transformer-based neural network on a popular classification 

problem dataset, we will now move on to building up a Transformer network that resembles closer 

to that of the original architecture as described in its debut paper. We will scale up the complexity 

of the basic model used for the Ford A dataset transformer model by adding more components, 

layers, and parameters in order to apply its strengths to our own data collected at CMHT. 

Before details of the adapted neural network design is unveiled, we will explain the types of data 

we currently have after running the Matlab script responsible for isolating and formatting the raw 

data. As mentioned in Subsection 4.1, in Experiment #1 of Mass Imbalance faults, there exists 8 

different fault conditions ranging from perfect balance to a substantial imbalance in added weight 

of the driven pulley of the BSG. Thus, we have in our possession 8 individual .csv files for this 

experiment with rows of samples belonging to each class with a length of 480 features. Note that 

in this experiment, we refrain from the full data pre-processing procedures as we look to test our 

upgraded model on in-house data as well as observing if results can be obtained while remaining 

in the time domain. With this in mind, we have selected each segment to be 1/100th of the full 

sequence which equates to 10ms per sample. Referencing the data processing chapter, different 

speed and loading conditions affect the extent of the fault signature. In the case of a mass 

imbalance fault of a rotating assembly, it is always advised to examine the fastest rotational speed 
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in order to generate the strongest signature. Therefore, the data being used for this experiment 

comes from the max RPM (0Nm, 17,000RPM) test setpoint. At this rotational speed, we can 

calculate that there are 2.8333 revolutions within a 10ms sample. We will determine if this short 

of a segment length is adequate to reveal an acceptable level of detection. 

Due to the selection of using only a single test setpoint for our limited dataset, we will opt to use 

every available set of data as long as it has been verified to be clean. This may result in an 

imbalanced dataset between the 8 classes which we can resolve by employing a strong 

randomization strategy and varying class weighting during the model training process. While 

having an imbalanced dataset is generally not recommended, it can be useful for cases where it is 

common to have one class, or several, that appear frequently in the real world. For example, it is 

atypical for the pulley of a belted starter generator to be damaged in the case of a car accident as 

it is usually situated high up and to the side of the engine bay, protecting it from front-end 

collisions. However, long term usage in a high temperature environment such as an engine bay 

may cause warping during high torque demand. This type of analysis is important when choosing 

the design of a neural network in order to make it as applicable to lifelike problems. Our collection 

of data per class for Experiment One include 4 full sets, with the healthy condition (Fault #0), and 

two levels of minor imbalances (Faults #1 & 2) having an additional three. Fault #3 also has one 

additional set. As a result, we have 42 sets of data that are segmented 1/100th of their sequence 

duration for a total of 4,200 individual samples. 

As shown in Figure 41, the data is split between training, validation, and test sets at an 

80%/10%/10% proportion. This split percentage is widely accepted as a good fit for small and 

limited datasets by allowing for maximum feature extraction at a trade-off of potential overfitting. 

The reason for the validation set is so that we can apply hyperparameter tuning to further optimize 

our upgraded model. It is essentially a third set of data that is unseen for the tuning of variables 

such as learning rate, number of units, dropout rates, and more. After each training iteration, the 

ƳƻŘŜƭΩǎ ǇŜǊŦƻǊƳŀƴŎŜ ƛǎ ŜǾŀƭǳŀǘŜŘ ƻƴ ǘƘŜ ǾŀƭƛŘŀǘƛƻƴ ǎŜǘ ǿƘƛŎƘ ƘŜƭǇǎ ǘƻ ƛƳǇǊƻǾŜ ŎƭŀǎǎƛŦƛŎŀǘƛƻƴ 

accuracy and prevent overfitting by means of early stoppage. An important distinction to this 

ŜȄǇŜǊƛƳŜƴǘ ƛǎ ǘƘŜ ǿƻǊŘ άƛƴǾŀǊƛŀƴŎŜέΣ ƛǘ ǊŜŦŜǊǎ ǘƻ ǘƘŜ ǎŎǊŀƳōƭƛƴƎ ƻŦ ǘƘŜ Řŀǘŀ ōȅ ƳŜŀƴǎ ƻŦ ŀ 

randomizer which blends the environmental and temporal differences between the data 
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collection process. In the Bearing Faults Variant Data Model, we will keep the separation between 

datasets by defining specific training and test sets which will be explained in the next subchapter.  

The structure of the upgraded transformer neural network will be an encoder-only architecture. 

Reasoning behind this decision stems from the fact that classification problems do not require the 

generation of an all-new output sequence. One can imagine the decoder as a machine that reads 

the information learned from its neural network and translates it into a different form. Instead, 

we only require the encoder output to be converted to a vector of labels for each class. Delving 

inside the encoder block, there will be layers for normalization, multi-head attention, dropout, 

residual connections, and 1-dimensional convolution that formulate the majority of the learning 

process. A classification head follows, wherein the output tensor will need to be reduced to a 

shape equal to the feature size and is completed using a Global Average Pooling layer. It is then 

fed into a multilayer perceptron for final processing using a series of dense layers with a rectified 

linear unit activation function and dropout layers. The softmax function is applied for 

interpretable decision making. See Appendix A for the model workflow and layer order. 

In the context of transformer neural networks, multilayer perceptions (MLP) are the standard 

classifier used to make predictions of the features extracted by the encoder. The reason for this is 

because Transformers generate high-dimensional outputs, MLPs effectively process these vectors 

by applying linear transformations followed by non-linear activations to capture complex patterns 

in the data. The number of dense layers provide different levels of training for mapping the input 

to the corresponding fault class, improving hierarchical feature representations. MLP units are 

employed end-to-end in an encoder-only transformer. 

As mentioned in Chapter 2.3, the ADAM optimizer brings the best of both worlds in terms of 

utilizing momentum from RMSProp and adaptive learning rates from AdaGrad. This makes it 

appropriate for both sparse and noisy gradients. Additionally, it is a very computationally efficient 

and requires little memory which is extremely useful for large models and/or datasets. Seeing as 

how many hyperparameters need to be tuned, an adaptive optimizer helps reduce the amount of 

tuning time to make an effective model. 
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Sparse categorical cross entropy is selected to be the loss function for this model as it is commonly 

used for multi-class univariate classification tasks. It provides sparse labels rather than one-hot 

encodings of the output vector which makes for a streamlined job in conjunction with the 

classifier. It calculates the total entropy between distributions over all possible classes which 

makes for a great tracking metric as well as being memory efficient. Sparse categorical cross 

entropy also assumes a zero-value for low probabilities meaning it does not contribute 

significantly to the loss function, instead, focusing on the true class. 

Xavier Uniform Initialization is a method in which connecting weights are drawn from a 

distribution of scaled input and output units such that the variance is consistent throughout all 

layers. Choosing this method works in conjunction with our chosen activation function of ReLU as 

it maintains a smooth distribution for the forward pass as well as during backpropagation [39]. 

Compared to large or zero-value weight initialization, we can save considerable amounts of time 

in the training process for both large models and ones that see vanishing/exploding gradients. As 

seen in Equation 6.1, we multiply random initialization within (-limit, limit) with the square root 

of 6 divided by the number of input units (fan-in) in the weight tensor plus the number of output 

units (fan-out) also in the weight tensor. Following the method provided by Glorot, we also 

initialize the biases to equal 0. 

ὢὥὺὭὩὶ ὟὲὭὪέὶά  Ὗͯ
Ѝφ

ὪὥὲὭὲ Ὢὥὲέόὸ
 ȟ

Ѝφ

ὪὥὲὭὲ Ὢὥὲέόὸ
  (6.1) 

The initial values for the hyperparameters remain as suggested based on the original Transformers 

paper, similar to the preliminary test model as this version will utilize a hyperparameter searching 

algorithm to fine tune those values ς this is to be executed after a successful run of the model to 

ensure working order. A list of discrete values is provided to each hyperparameter in which they 

are randomly selected to train for one epoch and then validated to measure training performance. 

These values are typically set as powers of 10 or 2 for several practical reasons such as logarithmic 

search space to cover a wider range of sensitivities (powers of 10), hardware efficiency to align 

memory and GPU optimization which use a binary architecture (powers of 2). Additionally, it is 

tradition and best practice through years of experimentation and research to follow this rule as it 

is found to work well for a variety of transformer models and makes for an intuitive way to scale.  



M.A.Sc. Thesis  McMaster University 
Jonathan Wong  Department of Mechanical Engineering 

 

 

82 
 

Hyperband will be the tuning algorithm of choice as it is an efficient method useful for when 

evaluating hyperparameter configurations that are computationally expensive such as in deep 

networks; particularly in Transformers for their expansive options. It is designed to quickly identify 

promising configurations by adaptively allocating resources to the most appropriate candidates. 

The premise to this idea lies in successful halving in which poor combinations are iteratively 

pruned and remaining resources are allocated to the prime options. Benefits to Hyperband include 

quicker execution compared to common hyperparameter optimization algorithms such as 

Bayesian Optimization as it is non-exhaustive and non-sequential in nature while providing 

similarly high levels of accuracy. A list of hyperparameters subject to tuning are shown below: 

Transformer Neural Network Hyperparameters: 

¶ Head Size 

¶ # of Heads 

¶ Layer Units 

¶ # of Transformer Blocks 

¶ MLP Units 

¶ MLP Dropout 

¶ Dropout 

¶ Epsilon 

¶ Kernel Size 

¶ *Learning Rate 

¶ *Batch Size 

Table 9: Mass Imbalance Invariant Data Model Hyperparameter Configuration 

Hyperparameter Value 

Head Size 256 

Number of Transformer Heads 4 

Hidden Layer Size in Feed Forward Layer 64 

Number of Transformer Blocks 5 

MLP Units 512 

MLP Dropout Rate 0.1 

Dropout Rate 0.25 

Learning Rate 1e-3 

Layer Normalization Epsilon (Variance + )ʁ 1e-6 

Batch Size 64 
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6.3 Rolling Element Bearing Variant Data Model 

With large gains to the development of a transformer-based neural network for fault detection 

and diagnostics from the previous model, we continue to seek improvements to the model 

architecture as well as adapting it to a different fault type. As this project is in partnership with 

the Stellantis group, we have shifted gears to evaluating failures of rolling element bearings, 

particularly ball bearings. The nine fault conditions demonstrated in Experiment #2 of Subsection 

4.1 represent a combination of 4 major issues, inner ring defects, outer ring defects, ball defects, 

and low lubricity. This involves a change to the data structure of the input vectors provided by the 

.csv files created by our Matlab script as well as incorporating the full preprocessing techniques 

described in Chapter 5. 

Much like the Mass Imbalance Invariant Data Model, the total number of datasets were not 

balanced amongst the fault conditions. To make things more challenging, in this experiment, we 

experienced many setbacks in terms of test collection due to the difficulty of replacing the inner 

bearings of the BSG requiring a full motor teardown each replacement. The high tolerances of the 

machine mean that human error caused slight domain gaps in the signals captured after each 

bearing change procedure. Thankfully, it has been confirmed to be very minor in terms of 

deviations between the signals, however, in some cases the datasets had to be scrapped due to 

parts experiencing mechanical failure ς those sets are omitted from analysis. 

Each fault condition has 4 full sets of data with the Aftermarket Healthy bearing and Original 

Equipment Manufacturer (OEM) Healthy bearing having 6 additional sets. With sensitivity tests 

being of high importance, we want to determine if it is possible to detect an aftermarket bearing 

of the same specifications as the original manufacturer which is why those two conditions have 

additional data. For Experiment #2, a very important distinction that was mentioned before is the 

ƛƴǘǊƻŘǳŎǘƛƻƴ ƻŦ άǾŀǊƛŀƴŎŜέΦ ¢Ƙƛǎ ƛǎ ǘƘŜ ǎŜǇŀǊŀǘƛƻƴ ōŜǘǿŜŜƴ ŀ Ŏƻmplete set of data to be used for 

testing purposes that is not seen during training or validation at all. None of these samples are 

allowed to be randomly mixed with the remainder of the batch so that it can accurately represent 

a completely different bearing that is placed inside the BSG. In real world applications, this is the 

preferred method as it means that samples collected between time intervals or environmental 

conditions do not get trained together. Model performance is often inflated by using a train-test-
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split assuming that multiple samples taken from the same test period are split allowing fractions 

of intraday or intra-experiment differences can potentially be captured by a good neural network. 

With that said, the data for this experiment comes from the same test bench setup so the sensors 

will be capturing the same 48,000 Hz vibration signals. 

Post-processing techniques will be applied to the data meaning that the previous strategy of 

splitting each test into 1/100th is no longer applicable. Each 48,000-long sequence becomes 

shortened down to 2,400 features. Instead of working in the time domain, we will be operating in 

the frequency domain so each feature represents a frequency bin of the discrete Fourier 

transform. With this change comes an enormous challenge, one that defines this research paper 

in maintaining a long sequence input vector to a transformer-based classification model. 

As capable as a Transformer neural network can be, with its extremely long memory and parallel 

capabilities, the memory usage exponentially increases at an unsustainable rate. Going from a 

sequence length of 480 to 2,400 posed great challenges to this model. Hyperparameters needed 

to be detuned heavily with batch values being reduced to a single unit in many cases. The speed 

at which a parallel architecture provides is now a trade-off between speed and accuracy. Our goal 

is to determine the feasibility of a transformer-based network; therefore, it was decided that we 

will focus on achieving acceptable or greater levels of classification accuracy over speed of 

training, validation, and evaluation. Based on the values concluded from the previous model, we 

had iteratively tested new configurations that would best improve the accuracy of the model and 

most importantly be able to run. The greatest factor to memory usage was batch size and LR. 

Table 10: Bearing Fault Variant Data Model Hyperparameter Configuration 

Hyperparameter Value 

Head Size 64 

Number of Transformer Heads 6 

Hidden Layer Size in Feed Forward Layer 64 

Number of Transformer Blocks 8 

MLP Units 1024 

MLP Dropout Rate 0.15 
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Dropout Rate 0.2 

Learning Rate 1e-5 

Layer Normalization Epsilon (Variance + )ʁ 1e-6 

Batch Size 2 

 

Hyperparameter tuning was not an option for this model as the memory constraints were too 

much to bear, the range of values to get the Hyperband tuning algorithm to run would stop 

working after a few epochs because the combinations of values would frequently exceed memory 

space on our computer system. The importance of having a powerful computer to run a deep 

learning transformer neural network can not be emphasized enough. Having to shrink the batch 

size down to a value of two will have diminishing returns for certain aspects of the architecture. 

However, it was necessary to achieve a sustainable accuracy at the disposal of a timely training 

process. We will discuss the results of these tests in the next chapter. 

A small change to the train/validate/test split was made to be 75/15/10 to account for a greater 

number of classes. Additionally, the class weights have been adjusted to account for the change 

to total number of samples per class. The number of samples have also grown due to the inclusion 

of using all the test setpoints rather than limiting the dataset to the Max RPM as in the previous 

model. This is because bearings can be affected by speed and load more than a mass imbalance 

fault. As a result, we will have 20x the number of samples for the increased number of setpoints. 

All other architectural components and model defining parameters such as number of layers, layer 

order, optimizer type, randomization and initialization algorithms, ect. will remain the same. 
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7 Results and Discussions 

7.1 Mass Imbalance Invariant Data Model Results 

 

Figure 42: Mass Imbalance Invariant Model - Before and After Hyperparameter Tuning 

The pair of confusion matrices and receiver operating characteristic (ROC) curves found in Figure 

42 demonstrate two models whose change in classification accuracy and degree of separation 

drastically change before and after just a few hyperparameter tuning cycles. Without inspecting 

the actual percentage delta or the sheer accuracy of detection, we can quickly visualize how the 

main diagonal of the confusion matrix becomes truer in colour with much less misclassifications 

of nearby fault classes. The ROCs are also much smoother in their True Positive and False Negative 

rates meaning more stable training and separation between classes and higher overall AUC value. 
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Comparison of Transformers vs IEMSPCA+SVM vs IEMSPCA+Clustering: 

 

Figure 43: Classification Results from Three Model Types [55] 

The initial results from testing of Experiment #1 show a high degree of accuracy in the test data. 

In an AUC chart, the model has been measured to have an excellent measure of separability of 

0.97 after hyperparameter tuning. Although the IEMSPCA+SVM method has excellent training and 

testing accuracy, the datatype used for that model was invariant. The model was not able to 

classify the data using SVM when the data was adjusted to being variant. Finally, the 

IEMSPCA+Clustering method shows feature selection performing well during training, but was not 

strong in the testing stage. It shows that apart from a select few faults, namely #1 and #8, it 

performs worse overall when compared with a Transformer classifier. 

Overall, this upgraded model is a relatively shallow network which allows the technical resources 

available to be maximized without operational failure. It was observed during initial testing that 

hyperparameters set too large will instantly exit model training. This configuration results in a 

smoother training process although improvements to performance can be had with a deeper 

network. Due to time restrictions in industrial contracts, we quickly moved to a more important 

and costlier fault, bearing failure. 
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7.2 Rolling Element Bearing Variant Data Model Results 

During the development of this final transformer model, all the testing is conducted iteratively in 

order to find improvements from one version of the model to the next. We often build upon the 

existing infrastructure, namely the mass imbalance model, and apply new features that we believe 

will improve overall performance and verify through testing and evaluation. 

While improving the model, a specific fault number is chosen to be omitted from training. In this 

case Fault #8 as it was deemed to be the most difficult class to identify, therefore providing a good 

indicator for general performance. The datasets collected for that fault consists of 4 full sets that 

were conducted on two different days with rest time between intraday tests. In Matlab, if the flag 

to create a variation set is raised, the 1st set of data will be turned into its own spreadsheet (csv 

file). All fault conditions are input to the Transformers NN (including OEM bearing, totaling 9 

conditions) for training. The last set of data from Fault #8 is omitted from training and is set as the 

test dataset. 

Choosing an Appropriate Segmentation Length: 

From our knowledge of the results from the Mass Imbalance Invariant Data model, we know that 

our test setup that progressively runs through the different setpoints worked with segmenting the 

time domain signal into 1/100th or 10ms of data. However, there were concerns raised that this 

segmentation length is too small for the sensors to capture an adequate amount of data during 

certain positions of the electric machine motion. Keep in mind, at this moment in time, these 

earliest versions of the Rolling Element Bearing Variant Data model were conducted in the time 

domain. Not long after we will switch over to applying the frequency domain analysis but we are 

still dabbling in pre-FFT applications. Continuing, we attempt to adjust the segment lengths to 

match a sample time of 0.025 seconds, 0.05 seconds, and 0.1 seconds. When we reached the 0.1 

seconds test, we encountered a program failure that halted network training. It turns out the 
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problem was due to an error solving because of GPU/RAM resource constraints; the shape of 

tensor used in attention mechanism grew too large: 

¶ (batch size, num_heads, [query vector], [key/value vector]) 

¶ E.g. (32, 8, 4800, 4800) ẗ (32, 8, 4800, 4800)  

Considering the transformer mechanism works in parallel with multiple calculations happening 

simultaneously (batch size), for each batch it is also performing even more calculations of the 

weight matrices (number of heads) by multiplying the (query, key, and value) vectors which equal 

to the sequence length. This type of matrix calculation requires tremendous amounts of 

computational power that is not sustainable for even a high-quality personal computer. On top of 

that, the Softmax function in the final dense layer also increases tensor of scores (logits_tensor) 

by a considerable amount of memory. Therefore, we can deduce that: Transformers, although 

powerful for parallel computing of sequential data, it remains difficult to train on long sequences. 

 

Figure 44: Classification Results on Different Segmentation Lengths 
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Figure 45: Comparing Power Spectrums of Different Segmentation Lengths 

From there, we decided to go with a segment length of 0.8333 seconds as it represents 1/12th of 

the 48,000 Hz sampling frequency of the sensor, feature sequence of 4,000. This was the decision 

made after seeing the drastically greater improvements shown by the different model versions 

carrying longer and longer sequences, shown in Figure 44. Following a push to move into the 

frequency domain, as fault classifications of rolling element bearings produce signatures heavily 

based on frequency, we observe a stronger signature using a longer duration of sample time as 

well. Moving forward, we will have applied the Fast Fourier Transform to the input sequence 

before training the Transformer. 

Channel and Sensor Selection: 

After applying the FFT to our input data, we are able to compare the spectrums produced by both 

types of sound and vibration sensors. We were able to observe that the signatures produced by 

all channels of accelerometer #1 closest to the motor have the most accurate representation of 

the faults whereas the sound signatures were of completely different nature and in some load 

conditions not able to replicate the natural frequency of the motor or dynamometer. We learned:  
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¶ Ideally you want a fault signature to have a high amplitude and the segment length to 

encompass the clearly indicated peak frequencies (such as the case with channels 3-5). 

¶ If the segment does not encompass the associated frequency to the fault #, then the 

datapoint will look the same as any other datapoint in the dataset which would be difficult 

to detect. 

¶ The small variances between datapoints may not be captured in the frequency domain if 

there is no fundamental peak or harmonics of noticeable amplitude. 

Hyperparameter Selection: 

After choosing the best sequence length methodology, we worked on manually testing different 

combinations of hyperparameter values. The most critical values that affect overall model 

performance include the head size, number of heads, and number of transformer blocks. We 

followed the suggested range of values for our application of long-sequence, limited dataset from 

a number of sources. 

1. Increasing Head Size ς  

a. Higher capacity to capture detailed information by each head. This can help with 

recognizing complex patterns which is beneficial for nuanced tasks. 

b. Increased computation and memory usage. More memory and computing power 

are consumed making training slower, especially for long sequences. 

c. Risk of overfitting. When the head size is too large relative to the amount of 

training data, your model may begin to specialize in the spurious correlations. 

2. Increasing Number of Heads ς  

a. Better attentiveness to entire sequence. More heads allow for the model to 

άŎƻƳƳǳƴƛŎŀǘŜέ ǿƛǘƘ ŘƛŦŦŜǊŜƴǘ ǇŀǊǘǎ ƻŦ ǘƘŜ ǎŜǉǳŜƴŎŜ ōŜǘǘŜǊΣ ƳŜŀƴƛƴƎ ōŜǘǘŜǊ 

contextual knowledge and complex pattern learning. 

b. Increased computation and complexity. Similar to increasing head size, a larger 

model with more parallel components equals to resource-intensive training. 
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c. Improved generalization when balanced. More attention heads make the model 

flexible to different types of input relationships up to a certain limit before overfit. 

3. Increasing Number of Transformer Blocks ς 

a. Increased model capacity and depth. Adding more encoder/decoder blocks allow 

the model to capture greater hierarchical patterns in the data which help with 

tasks that require deep understanding or long-term dependencies. 

b. Increased training time and overfitting. The one aspect that is not parallel, 

stacking blocks make training longer and potentially overfit from deep learning. 

c. Exponentially larger model. Increasing the number of blocks effectively multiplies 

the total number of layers making the model grow in size quickly. 

From this model version, we have finalized the three critical values to 64 head size, 6 heads, and 

8 blocks as listed in Table 10. Moreover, other hyperparameters were adjusted at this period in 

time such as the increasing of the number of MLP units, decreasing dropout percentage, applying 

normalization, adding class weighting for imbalanced dataset, shuffled training data order, 

adjusted learning rate, and increasing the training patience. 

Data Pre-Processing Changes: 

Initial thought process was that the three data channels in the X/Y/Z directions of the motor 

accelerometer is scaled the same so the difference in signatures would appear as unique examples 

(which should not affect training as they are labelled/supervised). 

But in normalizing the segments, it allows for the data to be more closely related to each other in 

order for the model to find hidden features and lessen our small dataset problem. 

¶ All Data Channels Normalized by Computation of z-scores 

Native sampling frequency of the accelerometer #1 data is taken every other measurement at a 

ratio of 2:1. This will allow for a time segment that is doubled in size for the network to train on 

without having to handle an increase to the vector size by a power of 22 times. 

¶ (batch size x num_heads x 4000 x 4000) -> (batch size x num_heads x 2000 x 2000) 
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Training accuracy converges very fast to nearly 100% in approximately 5 epochs x 1 batch. This is 

bad for increasing the generalization and learning of hidden features where the callbacks initiate 

ŀ ǎƘƻǊǘ άǘƛƳŜǊέ ǘƻ ǎǘƻǇ ǘǊŀƛƴƛƴƎ ς a form of early stoppage that controls overfitting. 

When the loss function hits a local minimum, it can plateau and believe there are no more gains 

to be had, starting a counter to end training and pushing the program to enter evaluation 

prematurely. Increasing the patience parameter allows for the model to continue training for 

much longer after false-convergence. In doing so, the model is able to train on the data more 

frequently ς allowing it to learn additional information from our limited datasets. 

¶ Patience parameter has been increased from 10 -> 25. 

The data has also been shuffled so that all classes are trained non-incrementally (by fault number) 

and the weights are adjusted dynamically instead of biasing on the earlier classes. Validation 

accuracy has increased as a result of these changes. 

One vs All Variation Test: 

Combining multiple fault classes into one class (a binary classification problem) and testing against 

a single other fault can make the classification task conceptually simpler, but it may not necessarily 

lead to increased classification accuracy for a Transformer neural network. Whether this approach 

improves accuracy depends on the specific characteristics of your data and the nature of the faults 

you are trying to classify. 

 

Figure 46: One vs All Test Confusion Matrix 
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The decision to use binary or multi-class classification should be based on your specific objectives 

and the characteristics of your data. If the primary goal is to detect the presence or absence of 

any fault, binary classification may be suitable. However, if you need to identify and differentiate 

between specific fault types accurately, multi-class classification is likely the better choice. 

This short test shows that Transformer-based architectures are able to work satisfactorily with 

learning features from a number of classes and combining them into one class. Or in other words, 

it has a wide array of capable representations to store in a single class whereas the other class can 

be relatively simple; they are able to work well in multi-class classification problems. 

Downsampling Tests: 

A series of tests were conducted in order to find the best downsampling rate to reduce the 

sequence length without losing granularity and allocate more memory space for fine tuning the 

hyperparameters. With help from CMHT, we analyzed and determined one of the primary loading 

conditions to focus on for the highest degree of separability. This turned out to be one of the 

higher load conditions with the fastest speed of that setpoint, 40Nm, 2000RPM. Along with this 

setpoint, we also tested max speed and max torque setpoints to analyze the differences between 

varying downsampling rates. 

 

Figure 47: Power Spectrums of Faults Downsampled by 0x/2x/6x (top-bottom) 
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Looking at Figure 47, we can see how the three sample fault conditions all show the same pattern 

such that as you downsample the original data (read top-bottom), some of the peaks are slowly 

removed or get smaller in size. What you have left is the fundamental frequencies of the system 

along. It is interesting to note that some of the spectral leakage also shrinks as you downsample 

the data. This process was conducted on the raw data before any of the pre-processing techniques 

were introduced. Comparing with the plots shown in Subchapter 5.3, it appears as though the 

frequencies appearing around the 100-600 Hz mark are conducive to being the frequencies 

generated by the faults themselves. It also coincides with the values we expect out of the different 

fault defect frequencies at these loading conditions. 

As a result, we will apply a light downsampling of 2x in order to create ǎƻƳŜ άƘŜŀŘǊƻƻƳέ ŦƻǊ ŦƛƴŜ 

tuning our rolling element bearing model to increase performance by shrinking the input 

sequence length. Although the downsampling likely reduced data quality and decreased 

performance, the increase in transformer optimal parameters lead to an increase in performance. 

OEM vs AM Bearing Tests: 

Up until this point, some of the models may have been training on slightly different sizes of training 

samples due to changing segment lengths and downsampling rates as well as the testing of one 

or more classes. We will now look to standardize the test by training on every complete set of 

data for all the fault conditions, leaving just one set out for the variation of data on either Faults 

#1 or #9 due to their larger sample size as discussed in Chapter 6. 

Figure 48 shows that when comparing just two classes of OEM vs AM bearings with all the updates 

made prior, we have a 98.33% chance to classify between the two classes correctly. This is a much 

more impressive figure that demonstrates how Transformers can work extremely well given a 

simple binary problem, but with very minute and nuanced differences ς between the factory 

bearing and one made to the same specifications elsewhere. Figure 49 shows two versions of the 

model that were tested on Fault #9 (top) and Fault #1 (bottom) when trained against all of the 

other fault conditions. You can compare how the model performs much better when all the other 

classes are separated by their own class rather than collectively in the One vs. All test. 
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Figure 48: Evaluation of OEM vs AM Bearings ς Binary 

 

 

Figure 49: Evaluation of OEM vs AM Bearings ς Multiclass 
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Note that these models are still being continually updated and were created before the final 

versions of the model that include the data augmentation methodology described in Chapter 5. 

By being able to differentiate between the two bearing makes, we are able to answer a crucial 

question posed to our research group when tasked by the Manufacturer. It allowed us to figure 

out if an electric machine has been tampered with or repaired in-private based on the signature 

produced by the machine. It can also prove whether or not an aftermarket manufacturer is 

capable of creating a product that matches the performance requirements of OE. According to the 

results, it can be stated that there is almost guaranteed certainty that the detection between 

aftermarket (AM) and OEM bearings can be made and that bearings of different physical defects 

can be differentiated easily notwithstanding lubrication levels. Keep in mind, each sample is only 

a fraction of the segment and of the entire test on a single machine. 

Noise Reduction Tests: 

Striving to squeeze more classification accuracy out of our near-complete model, we looked into 

removing unwanted noise from time series data in order to produce a cleaner frequency spectrum 

for input to the transformer neural network. 

Use of a filter or method that can remove noise (or values close to 0 but not quite 0) without 

getting rid of the high frequency components such as spikes would be ideal. A technique that 

utilizes or results in smoothing would not be suitable as we want to preserve a strong frequency 

component in the FFT. There were potential methods that could likely achieve this task such as 

wavelet-based denoising and filter-based denoising. We decided on using simple analog filters 

such as low-pass filters and basic hard thresholding which is described in Subchapter 5.2. 

Using the same models as the OEM vs AM Bearing tests, we now add our noise reduction 

techniques to see if they produce a favorable increase to classification accuracy. Some details on 

the conditions for testing: Variant Data, 48000Hz sampling rate, Full range segmented into 2 parts, 

Channels 3-5, All RPM & Loads, optimized parameters. 
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Figure 50: Pre vs Post Thresholding Noise Reduction Tests 

 

Table 11: Noise Reduction Effect on Classification Accuracy 

From the table above, results show that at even small values of thresholding removes crucial 

information that the Transformer model uses to classify faults correctly. This may be due to the 

sequence-to-sequence nature of the model which requires small variations in value that the model 

references to compare between samples that are extremely long ς in our case, segment lengths 

of 2400 features. 

  

 
Pre-Filter 
Training 
Accuracy 

Post-Filter 
Training Accuracy 

Pre-Filter 
Testing Accuracy 

Post-Filter 
Testing Accuracy 

Difference 

Model 
39 

96.86% 93.68% 82.50% 73.33% -9.17% 

Model 
40 

93.61% 95.95% 78.33% 75.00% -3.33% 
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Training Transformers with Different Fault Signatures: 

Acquiring additional raw data from testing that represents true features under a different type 

of sensor, e.g. sound, voltage, current, hysteresis, temperature: 

Training a Transformer neural network with different fault signatures under the same class can 

be a valid approach in some cases, but it requires careful consideration of the data, task 

requirements, and potential implications. The key factor to consider is whether the additional 

data from a different sensor, with a different fault signature, will complement or interfere with 

the majority of the data from the first sensor. Ensure that data from different sources are 

compatible and can be meaningfully combined by metrics such as units. 

We created a model that used the other types of sensor data as mentioned in the test setup. We 

found that three key dealbreakers that caused our omittance from mixing data types: 

¶ Sound channel produces frequencies that are not from the system 

¶ Needs massive amounts of cleaning to reduce extra peaks from noise 

¶ Cannot reproduce same frequencies as what should be shown that are apparent in 

accelerometers #1 and #2 

As a result, we concluded that a better execution for combining different sensor data may lend 

to the implementation of transfer learning where two models have been trained separately with 

their respective sensor #1 vs sensor #2 data and stacked together. Some sort of fusion between 

the learned features correlating to each class would likely result in better classification than 

mixing fault signatures together.  

Another idea would be to apply feature engineering in which common features are extracted 

from both sensor types that represent the same physical phenomena. After which, all the data is 

scaled and normalized in the same manner. Having more data is a crucial aspect to any deep 

learning network, and being able to pull information from multiple sources will always be better 

as long as the variability is accounted for. 
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Discussion of Power Spectrum Analysis and Loading Condition: 

 

Figure 51: Power Spectrum of All Faults @ 0Nm, 17000RPM Channel #3 

This compilation of all the FFTs at the Maximum RPM setpoint is the best test setpoint for the 

majority of the faults in terms of differentiating the different frequencies that each fault condition 

produces. It is evident from the pre-processing stage that the regions with clear peaks, namely 

Řŀǘŀр όCŀǳƭǘ Ірύ ǿƛǘƘ ǘƘŜ ƎǊŜŜƴ Ψ·Ω ǎȅƳōƻƭ ŀƴŘ data6 (Fault #6) with the light blue square symbol 

that they occupy unique regions that other fault conditions do not. By visualizing all of the faults 

in an overlapping plot allows one to get a good idea of the quality or the amount of information 

in the data in terms of an accurate detection and diagnosis. The estimation of this hypothesis fares 

well with the accuracy percentages in the final accuracy table. The other fault conditions that are 

mixed and intertwined with each other are more difficult to detect as the Transformer neural 

network has difficulty in finding unique features to differentiate between similar fault conditions. 

By relaying this information with the fault condition table, we can conclude that ball bearings have 

good detection rate given that it has low lubrication. This reasoning is plausible as bearing grease 

is usually packed in the empty spaces occupying between the ball bearings and cover the most 

surface area of the rolling elements rather than the inner and outer races. Additionally, inner race 

faults are much easier to detect based on the higher accuracy percentages shown in the final 

results. Again, this discovery makes logical sense as the inner race experiences the majority of the 

loads for most bearing types whether in the axial or radial directions. 


























