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Abstract

Machine health and condition monitoring are billidiellar concerns for industry. Quality control

and continuous improvement are some of the most important factors for manufacturers to
consider in order to maintain a sucsfsl business. When work floor interruptions occur,
SYyaAySSNB FTNBIldfSyRE e TEKEH 2Rdz8. HFRNB&2dzNDOST (A
without solving for the root cause. Thus, a need for quick, reliable, and accurate fault detection

and diagnasis 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 ralamgent bearing. A
worn-out bearing constitutes to some dfi¢ 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. Methodsvill 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 widespread utilization and adoption of neural networks, we turn attention to the
growing field of sequenetm-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 acplish generative modeling, computer vision,

and anomaly detectior 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 withirgBiase inductin 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 ti@ees signals.

Keywords: Transformers; Neural M&rks and Deep Learning; Fault Detection and Diagnostics;
Time Series Data, Electric Motors and Rotating Machinery; Sound and Vibration; Sensors and

Signals; Data Augmentation and Fecessing; Hyperparameter Tuning
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1 Introduction
1.1 Overviel(FDD)

With advancing technologies leadingitzreased autmation and Industry 4.0, we see huge leaps
in production efficiencxompared to days of the padParts and components are being churned
2dzi 2 F Y Il-FaralgeSxoSsEdamivrates, but what happens when something goes
wrong?With the competitive nature of manufacturing companies, any amount of downtime that

is not near perfect is unacceptablethis gives rise to Machine Health and Condition Monitoring

Traditionally, legacy companies resort to fixing machinery as they break or replace thbayas
become too old to service. Condition monitoring aims to extend the lifth@se workhorses by
introducing scheduled maintenance programs and estimating potential faithe¢smay occuin
the shortterm and longterm. They provide a measurable indéitat assignseach piece of
machinery their respective health levels and hdwcan impactthe system as a wholdt is
estimated that companies invest between $10,8820,000 USD per year in condition monitoring
equipmentand servicesvith a return of $50,000 in savings annuall¥]. This figure represents

40%¢50% of operating cosifthe companywere tomaintain the machinery reactive[g].

Preventive maintenance is one half of the condition marng system that deals with creating
service intervalso increasethe overalllife expectancy othe machines. This is preferrdry 80%

of the industrydue to several reasong beats thehigh costs of reactive maintenance, reduces
the burden ofexpedancy, and requires less skilled knowledge than operating predictive methods
[3]. Allin-one systems such as Dynatrace and Fluke prosddepanies with a solution teave
them from costlyrepairsand unexpected downtimén the long run.Predictive maintenance is
highly cost effective with an even greater amount of savings all8% compared to preventive
measuregvhich is why the current trend is to implement condition monitorgugtware[4]. These
systemsuse a series offault Detection andDiagnosis(FDD)methods to monitormachinesfor

potentialweaknesses antb address them appropriately
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In this research, we wikkxplore the primary methods in which FDD can be implemented for
applications suchspredictive maintenance. Firstly, we look at the process in which constiliute
methodsshownin figure 1 Before a diagnosis can be given, we must first identify where the fault
lies throughits detection. A ollection of sensor datawvhich may come fnm voltage, current,
sound, and vibration sensoese drawn from either prexisting or newly installed sensofsor
multivariate analysis, you can combine the use of different types of data, we will go over this in
the following chapter. Once the data iscuired and sampled at an appropriate frequency, we
apply data processing in order to cleandshape it into a formhat is legible by either human or
computeraided 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 aisual on thefrequenciesor waveforms foundvithin the sensor data.
Depending on the type of FDD method used, oae be in thdime, frequency or time-frequency
domains using tools such as the Fast Fourier Transform (FFT);T8herFourier Transform
(STFT), or Wavelets. Thi®uld allow the operatato describe whether thenachineisfunctioning
normally versus scenario where one or many faults are foulitlirough the transformed data, it

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

1. Data Driven (Al)
2. ModelBased

3. Signal Pragessing

Fault Detection

Possible Solutions S3= Decision

Figurel: Fault Detection and Diagnosis Flowchart
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* Uses frequency spectrum
analysis, such as the Fast
Fourier transform for the
sampled signal

 Requires the establishment of a
high-precision mathematical
model and machine

- Collecting a sufficient amount
of data in healthy and faulty
conditions for fraining is
difficult.

- Applicable for almost all kinds
of faults

- Can extract features artificially
or automatically to realize fault
and health status identification

parameters
¢ Usually can introduce a fault

* Not suitable for variable
speed and load conditions
like EV motors.

* Complex methods require
lots of computational costs,
which are not applicable

indicator.
« Its sensitivity is depending on
model accuracy

Model-Based Method

Data-Driven Methods (AI)
Signal Processing Methods

Figure2: Fault Detection and Diagnosis Methods

Datadriven method utilize the fast processing capabilities of computer programntaingcan
through samples quickly in either sequential or parallel modesvolves the use of machine
learning algorithms of any complexity: from basic foésedalgorithms todeep learning neural
networks.They require large amounts s@ipervised or notsuperviseddata for training purposes
which may be difficult to collect especially in timenstrained tasks. However, they can be used
for any type of physical fault as well as having the ability to automatically learn representations

and features. Transformeyasal neural networks are exampgef datadriven methods.

ModelBased methods consist of complex mathematical models which require high preaision
its formulas andmachine parameterfs]. However, they can be one of the fast@stplementing
methods once the creation and validation is completed. A benefi fialy digital model is that
new faults can béntroducedand values can be adapted on the fly for different bloGkeey take
long periods of time to develop and the senstff depends on hovaccurate the model predicts

Fault detection with parameter estimatiand inferencas an example of a modélased method.

SignalProcessing methods are generally used in conjunction thithaforementioned methods

due to their powerflitransformations 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 compada the standard

deviation and varianceHowever, they do not work well with complex dynamic systems due to

3
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their high computational costs and reference frame. Conditions that change frequently such as in
rotating machineryare best suitedduring static condtions. Spectral transformations such as the

Hilberttransform and Gabor transform are examples of signal processing mefjpds

1.2 Rotating Machinery and Electric Moteundamentals

Adoption of hybrid and electric vehicle tecHogy is trending at an extraordinary rate with
advancementin power densdraction motors ancefficiency increasingelted startergenerators

(BSG)There arghree main types of motorgurrentlybeing usedor these purposes industry:

1. 3-PhaseAC Indution 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 SRigsiring new innovations for their
application to the automotive sectoAlthough SRMs are optimal farwide range of RP#/fast
dynamic response, and redundancy for r&&th permanent magnets, their high torque ripple
andswitching frequency requirements are too great to be widespighdMore research will need

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

Both IM and PMSM use alternating currd@C)to control their rotating magnetic fields (RMF)
which allow the rotor to rotatewith respect tothe stator. Although both motor types possess
different strengths and weaknessesiet components that each motor type consists of is largely

identical Theworking principle and constructioare the main factors that differentiate the two.
SRR, I
W%, 7)) & / \

(IM) (IPM) (SPM)

Figure3: Induction Motor Interio-Mounted MSM, and Surface Mounted PMSM Cutaj&ly

4
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Tablel: Motor Type Main Components

_ Permanent Magnet
Component Induction Motor
Synchronous Motor

Rotor

Stator

Outer Casing

Terminals

StatorWindings

Bearings

Resolver R R

Conductve Bargwindings .

Magnets .

In an induction motor, the phase stator windings are wrapped F2fegrees apart in which

sinusoidal AC current is fed causing a magnetic field of uniform strémgttiate in the direction

given by the righthand rule[9]. At any point in time, théhree 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 curiEmésspeed in which

the magnetic field rotates is called the synchronous speed Equation 1.1 describes the

calculation as 120 multiplied by the frequency of the power sup@ivided by the number of

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

motor due to itsasynchronistic patteripetween the rotor speegde , and therotating magnetic

field (RMFknown asslip ¢ the calculation can be found iBquation 1.2
p ¢ aTQ

1.1
5 (L.1)

“Ya R 1.2)

Depending on the amount of sltpat occurs, the stator will induce a varying amount of current
G2 GKS NRG2NRa 02y RdzOi A-yage rdidr dtIvourstdidr cedpgCivaly 3 &

F2N
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The shoricircuiting of the conductor leads to a small resistance which has a drastic efféice
amount of current being induced by slip andl&8]. In turn,the amount of torque being produced

by the motoralso changesthistorque comes fronthe Lorentz force law which states that an
electromagnetic fielavill induce a force oto the electrons and nuclewithin an energized circuit

At full loads, the slip ranges from just B depending on motor sizirend applicationVariable
frequency drivegVFD)elp to control the amount of slip that occurs thus optimizthg speed
dependent torque output of both rotor types. However, wourators 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 thaet@notive industry due to their
construction beingimpler and more robustess 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 ad charged the same wayg produce a RMEhat spinsat synchronous speednstead of

using imductance to induce current through a conducting rotor assenmlSM have magnets

that are made ofare-earth ferromagnetic materiasuch asneodymium iron boror{(NdFeB}and
samarium cobalt (SmCwhich hold a naturahagnetic fieldOnce the rotor is started and excited,
SFOK 2F (KS YI3ySda 3ISG aft201SRé 2yd2 GKS YL 33y
speed up until rotor speed matches synchronous sh&tethods to give a noselfstarting 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 begi Another method for sefftarting involves electronically controlled motors with
complex frequency control in whidche RMF is adjusted at a perfect ramping speed to prevent
over-slippagefrom occurring[11]. Keep in mind thaif 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 voltagee other ways that anotor can goout of syncPMSMs

currently edge out IMsniefficiency by &ealthy margin a93%-94% versus ~90% respectivglg].

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

in each, we look at the different failure modes that aaatic motor can experience.
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Failure Percentage by Major Component

Other
14%

Rotor Relateg

9% Bearing Relate(

41%

Stator Relateq
36%

= Bearing Related = Stator Related = Rotor Related = Other

Figure4: Failure Percentage of Motors based on EPRI study

An updated survey based on tH®82 IEEE Large Motor Reliability report was conducted by
General Electric through sponsorshipldife Electri®ower Research Institute (EPRB]. In their
findings,1052 0f6312 industrial motors used in commercial applications were identified to have
faulty operations. Té motors consistd of abalanced distributiorof climateandapplicationse.g.

boiler circulatingpumpfor arid climatesThe sample population alsamefrom a variety of motor
types as discussed in pagesiissuch as wountype induction motors and permanent magnet
synchronous motors?erformance of the motorsanged from doubleligit 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 Figitresds also determined

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

Design = 39.0%
Workmanship = 26.6%
Misoperation = 21.5%

= =/ =4 =4

Misapplication = 12.9%
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1.3 Neural Networksind Deep Learning

With the rise of Atechnologies 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 tapgeg14]. A network of simple

units that combine to form complex solutions completed millions of times a seconidedfast

computing capabilities ahoderndaysupercomputers and hyperprocessors.

There are many types of nml 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 camyral
network uses weighted inpuis the form of numerical values that are summagedth a biasand

the resultantis then categorized byraactivation function which represents the determination

The generalized formulmr an ANN is as follows:

w Q LW W (1.3

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

to the weight matrix,x , as seen in formula 1.3. The cd#tion of a loss function is a form of
YEGKSYFGAOFE 2LIWAYATFGA2Y YR RSO the\casg of @K S 2 NB
reward function, the opposite is true; where the object is to be maxim[2&§l There are may

types ofloss functions for classification and regression tasks suddinasy crossentropy and

mean squared errorChoosing the best option requires knowledge of the problem and the type

of dataon hand two varying examples are given below.

Aregreson problemwithanom | dza aA 'y RA&GONROdzIA2Y (G2 RSUOSNNAYy
sales growth over time you would use Mean Squared Logarithmic Error as it performs better for a

wide spread offeature input values andscales percentages appropriatelyor a classification

problem a digital Optical Character Recognition system must recognize ow® bndwritten

digits ofHindw-Arabic numerals (@) to quantify the similarity betweena writerQ iadividual font

styleand itsintendedvalue¢ the neual networkwould use Categorical CreBstropy Loss.
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Now that we have learnedbout neural networksthe process to update their weightand

examplesofusecasdsS 1 Q4 20 a4 SNWS K2g (KSe

learning usedm machine learning algorithms

1. Supervised Learning

Training data is providelly the supervisowith the target labels attached. There is no dispute or

calculations being conducted to find the target labels as they are taken

t SIENY 2y

as the groundastd

on their labels, the feature values are saved as a reference pioitthe form of weights, witim

the learning algorithnin whichfuture test values are to be compared with.

During the training period, parameters are initialized at random for symmategakingand the

loss function is optimizely methods such as backpropagatidietrainingprocess is completed

iteratively until convergence has occurrdde algorithm themproduces a computed label ftest

samples which aims to reduce the difference betwdies target and computed outputthrough

a numerical metrig.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 isalled semsupervised learninfL6].

( Input Raw Data )

i ( Algorithm ) ( Processing )

B
L e T
L -b,!.ﬁ».:_.;:_';‘{. —_p —» —
S

Figure5: Supervised Learning Process Diagfanh
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2. Unsupervised Learning

While supervisedearningis great for discriminative or mognition tasks, it does ngierform 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 takeinlabelledtraining data as well asnique hyperparameters to self
categorizehiddenfeatures within the dataTraining isimilarlyconducted in an iterative fashion

with the attempt to minimalize errowia the concept of energy order to find usefupatterns and
relationshipsinthe input data9 Yy SNH& A& | Y|l ONR&aO2LIA O YSI &dz2NB
and is employed in all unsupervised learning algorittsush as Boltzmann learning rule and

Contrastive Divergendé8].

When the network finds strong hidden features, the algorithm will group samples together based
on those features usingpopular methods such as principal component analysiskaneans
clusteiing. The overall error for each grouping is compared wiith previousiteration to update
training weights until convergerc When the stopping criterion is reachethe algorithm will

evaluate the input data to be categorized indifferent outputs.

( Input Raw Data ) ‘ Algorithm '

«Unknown Output

?‘é&: ‘.,x;%‘: #No Training Data Set
H—E—E

( Interpretation ) ( Processing )

Figure6: Unaipervised Learning Process@am[17]
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3. Reinforcement Learning

Thisalgorithm 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 checkn@teer 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 funcfi®j. They do not learn within

their lifetime as in reinforcement learnindput are similar in naturéMonte Carlo methods such

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

In reirforcement learning, an agent is trained to make decisions that maximize the reward and
minimalize the penalty by changing the parametersed in the learning algorithm. This is
conducted in the form of a closddop, trial and error system where a dynandad hidden
environment provides feedbadk9]. The action is decided by the agent, without direction, based
on the current state in which it believes will produce the greatest rewactions influence future
states and the amunt of subsequent reward received. It is a calculated process in which the long
term sum is greater than other patlisat lead to smaller rewards or those that incur a penalty.

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

D 'I ‘I

' Input Raw Data ' f_( Environment )H

Reward Best Action
| Q [
State Q Selection of

Algorithm

Nt ( Agent )—/

Figue 7: Reinforcementearning Process Diagrdfi/]
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In summary, all neural networks utilize a connected structure with neurons, layers, weigtts,
activation functionsFrom the input layer to the outguayer lies a series of hidden layers that
consist of neurons as described in the ANWhat separates a plain neural network to a deep
learning NN is theotal number of connections andumber ofhidden layers found within the
model A deeper model is ofn more beneficiathan a wide one ighernumber of nodes) in
order to establista complex understanding of the masdminant featuresn the data. Whereas,

a wider model may be able to pickup on more correlating featuies 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 newetvorks can learn. The
theorem establishes the density of the generated functions which effect the approximation
capabiliy of the state spae aheadin both Euclidean and neBuclidean spacef0] [21].
Additionally,it is easy to overfit data if you have too many features to choose from in a wide
network verses a deeper omaaking it hard to filter out without feature reduction technigues.
Although the theorem provides theoretical guarantees, aoturate 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

optimizationtechniquescanhelp.

1.4 Research Objectives

Focuswill be placed on applying a Transformmased neural networldata-driven method for

deep learning as well asingsignalbasedpreprocessingechniques to accomplish a classification
task forbelted starter generatofaults. Incoming data is provided throughternal testing and a
preprocessing technique is developed to convert tidmnain data into frequencgomain data

for trainingon an adapted transformer model and used to classifss imbalance and bearing
fault condtions of an electric motor. A successfulilti-classclassification 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.

12
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1.5Thesis Structure

A guestion is posed texplain fault detection and diagnosis amtly it is neededin industry. We
explore market trends andriving factorgo the cost of production and maintenance of rotating
machinery in order to implement cosiaving techniques to euste a mechanical system. An
introduction d these methoddollows 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 theelfantis industry research partnership is
introduced. We view the procedure and apparatus to test for faulisanse at CMHT then follow

up with the preprocessing techniques used to convert raw sensor information into training data
for a custom transfaner model. We evaluate its performance against existing methods

determine its validiy as a working solution.

13
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2 Literature Review
2.1 Rotating Machine & Electric Motor Faults

Bearing Related Faults

Roller element bearings represent the largest amount ofrivgarelated 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 maedt through different conditions. A fifth category can exacerbate the
damage in all of the components where we can deem it as its owstatggory, lubrication fault.
However, the common denominator is that all types of faults can produce similar typasnaige

such as: excessive fatiguing, fretting, crack formation, corrosion, smearing, brinelling, pitting,
flaking, compression, and groovif22]. Damage from one of the fault conditions occur when
engineering design does noteount 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 def¢28], [24]:

Ball Defect: Q 0 Q Q .. f 2.1)
— —WE .
G P
Inner Race Defect: 0 Q.
M —"Qp =wéif (2.2)
C (@)
Outer Race Defect: 0 Q.
MM —Qp =wéif (2.3)
C (@)
Cage Defect: Q Q.
g Qo oghtil 2.4)

Where. represents tle number of roller element bearings present (in the case of a typical ball
bearing, the number of steel balls)Erepresents the rotational frequencyA represents the
diameter of the rolling element represents the pitch circle or cage diameter, gneepresents

the contact angle between the rolling element and raceway in radians.
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The unpredictable nature of lubrication faultsakesit difficult to describe a definitive formula to
calculate its frequency. Lubrication faults typically affect the foaggdied to bearing components

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

Outer |
Raceway

Figure8: Structure of a Ball Bearing with Major Dimensif2§g

Stator Relatd 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 assemblgt 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 operateat extremely high voltages ranging from 400800V, therefore electrical hazards
may also be present. Stator faults usually present themselves as electrical faults from either inter
turn, coitto-coil, or phasdo-phase short circuits and represent artiggted 36% of faults in an
electric motor[13], [26].

9 o P L (2.5)

n

Equation2.5describes the inteturn winding stort circuit frequency or armature faults wher@
represents the supply frequenc§represents the order of the time harmonig,represents the

shorted coil space harmonic represents the machine slip, amgrepresents 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 frequeniic "t "Q8  [23].

Figure9: Stator Inte¥Turn Short Circuit Failufa7] FigurelQ: Broken Rotor Bar (Drilled Hole) Faill2&]

Detection methods include the inspection of the secamder harmonics in the exis current.
When a PMSM with a winding sharircuit is in operation, the stator resistance, inductance, and
back electromotive force (EMF) naturally fluctuates uncontrollably. Theha®ed balance
condition cannot hold, thus the thdrorder harmonic is obtained and multiplied by the
fundamental component in the synchronous reference fragrbis creates the secondrder o

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

as well as the @ssible rotational speed the motor can achid28].

Rotor Related Faults

Broken rotor bars are the most common type of rotor fault to occur due to the immense
centrifugal forces that the highertia rotor experiences duringperation. Most prevalent in
induction motors with a squirretage 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 steeloce ¢ 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 barartg

more current and as a result higher mechanical and thermal stresses will[86¢ur
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Q. Qp Qi (2.6)
The broken rotor bar frequency is characterizgoHguation 2.6vhere the variable&) Q andi
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 backvards rotating fields resulting in a {QQ component in both directions; summarized as

(20 "Q implying a speed oscillation and torque pulsat[@8].

Delamination of the rotor core is another failure mode that caeur 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 thehandreds of layers

that form the rotor core. Loaslayers 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 f48its
Other Faults

This category of fault, encompasses all faults that are too minor to group into its own category.
They can come from areas suchtaes 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 foatherm
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 whidkes 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 instanceof a very tight gap width, the rotor will thermally expand and rub on the stator core

which can become catastrophic at high spe8H.

Pulley or drive shaft imbalances are also a common fault which usually comes into plaghead
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 neat network for problersolving, there areariablesn which the user must
enter into theirdeep learning modeMWhether coding from scratch or using pegisting machine
learning frameworks such as Tensorflow/Keras or PyTahelse parameters will be nexssary
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 taoapture patterns and
relationshipsduring the training phase such variables include model weights and bia3é®se
parameters directly influence the behaviour of the model and become adjusted by the
optimization algorithm, e.g. backpropagation or gradient descent. Moreotr@re are sme
variables thatare specific tounique 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 architecturesA defining factor to radel parameters arghat they arespecific to

the modeland change between instancesich make them differ from hyperparameters

Hyperparameters are variablegich can beunedto improveli K S Y gld8itafioa accuracy

and precisioror its training effiecency.They control the processes in which the model adapts to
calculate those internal parameters of weights and biases, affecting the performance and
generalization abilityThe list of hyperparameters change based on the type of model used,
however, thee 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 proceg83].

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

hyperparameters in any given neural network for deep leaming
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Type Parameter Description
Model Parameter Weights Numerical value representing the
strength of connections between neuror
Biases Parameter added teachneuronthat

Hyperparameter

Normalization Param.

Embedding Layer Param.

LayerWeights

Attention Mechanism Paran

Output Layer Param.

Activation Function Param.

Network Architecture

Learning Rate

19

allow for more complex functions by
shifting the activation function

Scaling and shifting factoat both layer
and batchlevels e.g. gamma and beta
Vectors learned for the embeddings
found in NLP tasks where tokens are
converted to dense vectors
Weightsspecific to the layer type such a
recurrent weighs between timestepsn
LSTMs and filter weights in CNNs
Learnable parameters such as attention
weights or Query/Key/Value vectors use
in transformer architectures

Parameters associated with output layel
such as the Softmaneight

Learnable parameters to the activation
function that change the output such as
scaling factor

Configuration of the neural network
involving the type of layers (e.g.,
recurrent, convaltional), number of
layers, and the number of neurons

Rate at which model weights aagljusted
betweensteps, influences how much

change is introduced in each update
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Learning Rate Schedule Strategy for adjusting the learning rate
over epahs. Can be reduced over time |
improve convergence and prevent
overshooting. E.g. stepased 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 dugrtraining

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 generiahtion

Activation Function Type Function to determine the output from

neurons, e.g. sigmoid, tanh

When referring to hyperparameter tuningfie techniques involved are essentially methods to
choosefrom a combination of values for the parameters dissed above The goais tofind the
optimal settings which minimize the predefined loss function valu&8he three main
hyperparameter tuningnethodsare grid search, random search, and Bayesian seafother
method of manual searcimgis also possible tdough much less efficient due to the exponerial

largenumber of combinations availabl&quation 2.5 describes the equation given to calculate
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the number of hyperparameter tuning combinations. The formutgvenasthe product of all the

hyperparameers being tuned and theange of valueavailableper varialte.
0 AR 2.7)

It is useful to understand the model architecture arslimate the range of values that the tuned
variables will iterate through in order to reduce the computatiomé of the hyperparameter
tuning process. This process goes througiteaset number of epochs per iteration and aims to
choose the combination that produces the lowest losddsltiple epochsare preferred over a
single epoch as to increase the certaititat the loss function is undergoing a convergence, not
in alocal minimum and to more accurately capture performance over tirhet us explain the

aforementioned search methods in more detail.
Grid Search:

A simple method that applies every single poksitombination for all the variables and their
ranges. It is an exhaustive solution which has its benefits and dow@fll\lthough this method

is inefficient in solving for the best option quickly, it is very thoroughsipliocess and can find

the absolute best combination given enough computational time. For example, we have two
variables A and B with a range of val@ks2, 3 and(7, 8, 9. In this method, we would create a
model for each combination of values stagiwith A=1and B=7,thenA=1and 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(#8/9) et cetera Coding this method is extremely simple to

incorporate ad can be sped up with parallelization properties.

Random Search:

Since not alhypemparameters may have the same importance, a method not searching
through all possible combinations can be beneficial in saving time and resources. Using a
randomized sarching pattern based on a normal distribution of values can help us not only cut
down on the total number of searchdsut also find finer values within a specified range of values
as given in the Grid Search technique&rom the results of a Gaussian pess 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 wBdre Search is not successful in
adapting to new data due to fixed valuggb]. Randomized testing provides greater granularity
between parameter ranges that c@mpoint the hyperparameter response functidising KrFold

can help with coverage tfie hyperparameter space.

BayesiarSearch:

Incorporating intelligent seahing processes, we can narrow down the path to lower losses and
reduce the number of searches when thresholding by parameter at the castnofre complex
tuning algorithm. BayesianSearch also known asBayesian Optimizatignis an advanced
hyperparameteituning method thatutilizesa probability function based on the hyperparameters
and accuracy score to model the distribution of the hyperparameter response funttsimg the
previous scores and probabilities, this method can determine the most important
hyperparameters and adaptively shift focus ostmarching fothese valuesTheGaussiamprocess
works by generating posterior expectatiorandentering itinto the probability model to provide

a model score in the hyperparameter space. The certaintytlvam be determined by evaluating
the largest expected movement in the acquisition function which represents a posterior
distribution of the score functiof86]. Instead of isolate@&xperiments in Grid search and Random
Searchjnformation is stored into memory to build a distribution model which makes Bayesian
Search a class of sequential motlaked optimization (SMBOYThese types of methods are
superior in improving sampling for iterative process@srthermore still take alvantage of

parallelization.

2.3Deep Learning Optimization Techniques

In this subsection, wexplore gradientbasedoptimization techniques used in deep learning,
including stochastic gradient descent (SGD), adaptive learning rate methods (e.g., Adam,
RMSprp), momentum, and weight initialization strategi&¥e will discuss thir effectiveness in
training deep neural networksuch as Transformer and Long Shbetm Memory modelsThe
importance ofthese optimization techniques is to ultimately minimize theddunction which

leads to speed of convergence and final model performance.
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Figurell: Gradient Descent Contol87]

Stochastic Gradient Descent

Gradient Descenis an optimizationalgorithm with many different variations each typebeing
better suited for varyingforms of data and model The most popular variation is Stochastic
Gradient Descent due to its clear and simple implementatsnwell as extreme efficiencit
works ly iteratively calculding the slope of thdoss function based on the results of a randomly
selectedtraining exampleand 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 perfornced on
again.In turn, this allows for the model tstore only a singleset ofboth parameters and training
sample into memory, saving computational resourcedowever, with the frequent updating on

a potentially highvariance parameterwe can run into issuge of noisy estimates of the true
gradient (slope). Changing the randomly seledtadhing sample for a small subset of data, called
a minibatch, we can take the benefits from SGD and reduce the number of oscillations at the

slightincrease ircost of menory.

The delineation between SGD and varolta8BatchGradient Descent is from the selectioriteria
of using a smaller number of training examplessus the entirety of the datasé&r optimization

In doing the latter, we run into the need for a langeemory system that will not work when using
extended sequences as required for a Transformer neural network for analgsigthy vectors

such ashigh sampling frequencyibration data
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Stochastic Gradient Descent utilizes a fixed learning rate whicbaseferred to as step siz)(

The learning rate determines how far the learning process moves with respect to the current
position on the complexcorvex lossfunction in attempt to findthe globalminima. Figure 11
aK2¢6a K2g | f1NBS fSIFNYyAy3a bdtdoBereQéngantavetisda S G KS
the opposite side aothe valley. Furthermore, a learning rate that is not fine enough can cause the
gradient descentnethod to oscillate indefinitely near a flat regioiearthe minima.In this case,

convergence can still kepproximated but will never reach the absolute minimum.

— - ®wz V-9 (2.8
o - 2.9
—  — w? é(R 0-Q @9

Equations 2.8 describes the updated parametector in the Stochastic Gradient Descent method
with Equation 2.9 describing the same parameter vector using-béitih Gradient Descent
method. —represents the vector for each parameter being updated by the optimiaés, the
learning rategt is the minibatch size, and “Q-is the gradient of the cost function J with respect
to theta calculated on a single randomly selected training sarf@fer reference, typical values

for learning ratesre between 168-10° and between 161000 samplesofr a minibatch.

Momentum Optimization:

An extension to the gradient descent algorithmmomentum considers previoustalculated

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

allows the optimization algorithrto maintain course and reduce the oscillations as described in

GKS LINBOAZ2dza aFFttAy3a €SI F¢ SEFYLES 2F | LI NI O

How it works is thatin exponentially weighted average of past gradientsiistiplied with the
learning rate which is used 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.
Equatiors 2.10 and 2.11describehow the velocity term,0, is obtainedfrom a modified SGD

equationusing a momentum coefficierijt, where it is subtracted from previousweight tensor
0 r Qo ®wd VL9 (2.10

— - & (2.11)
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Adagrad

Along with other optimization methods listed below, we delve inptimization methods
involving aradaptive learning rateThese methodadjust the learning ratat each stegdor every
parameter which can help withaster convergenceConsequently, historical gradients are
observed for calculation of current parameters typically involving the scaled sum of squares of the
previous gradientsLearning 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 descemgjntains a separateumulative sum of
previous gradients foeach 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 |eandiglg, where
gradients varywidely, 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 featavedable 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 iscoomex. It will also require larger

amounts of memory for storage of ttimmed gradients for each hyperparameter.

Equation 2.12 describes the increasing summation of squared gradienté,om limits Olpn
based onthe SGDmethod with singular samplingshere it will be usedfor calculation in a new
parameter vectorEquation 2.13 describes the uptiaof parameter vector,—, by taking the
previous parameter vector and subtractifrom it a scaled learning ratinat has beermultiplied
by thecurrentgradient.The scaled learning rate termaemprised of theoredefinedlearning rate
divided bythe square roobf the squared sunof gradientsplus a small error valug, (which has

beenadded to prevent zero division)

Q0 00 (212

W o (2.13)
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RMSProp

Similar in principle tahe Adagradmethod of calculationwith an averaged gradienRMSProp or
Root Mean Square Propagation maintan averaged gradient over a fixed window diteaning

the moving gradient is refreshed with eastep. This solves the issa®f diminishinglearning

rates and an evegrowing calculation size resulting in faster convergence with less memory usage.
Theway it is achieved is through the introduction of a decay fadtolith a common default
value of 0.9itis multiplied with the recursive sum sefjuaredgradientsM "Q . The next ternof

the complementary of the decay factor-(}) is multiplied by the current gradient squared and
finally added to thenitial term. The parameter vector equation will be the same as in Adagrad
except, the gradient will be the recursive summation of the gradients squarste¢ad See
Equation 2.14 and 2.15

v Q I olQ p Tz 09 (2.14)

w - (2.15)

Adam:

TheAdaptive Moment Estimation optimization algorithor Adam for shortwasreleased in 2014

by Kingma and Bahich combiné key breakthroughs in gradient descebased methods.
Primarily the momentum component of SGD dhd adaptive learning rate with moving average
from RMSPropt serves as a computationally efficient optieizvith 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 thaterpretations are extremely intuitivevhich is why this optimization

method is becoming the defautiption for deep learning network88].

The equations for Adam are shown below from Eq. 2.2620, they involve the calculans of
the first and second moments, usipg andy , which represent the decay rates for the sum of
gradients (momentum) and the sum of gradiesguared(variance)yespectively. As mentioned
in RMSProp, decay rates for momentum are typically set at 0.9 and the-rgvadgiuced second

decay ate is set at 0.99BYy setting the first decay rate close to 1, the first moment estimate is
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decay rate is set even smaller, it enables the optimizer to havee sniemory and prioritizes

focus on the magnitude of the gradient.

With moving averages, the first few iterations mfmay prove to show biases close to zero. To
combatthis, Adam implementa 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.

G Ia p 1 0-Q (2.16)
b T4 o1 0® @17
) a
aH —— (2.18)
p 1
- G (2.19)
p 1
a H
— — I (2.20)
O HIT

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

another technique that can achieve the same result®ight InitializatiorStrategy. The purpose

of choosing initial weights between neuronstle dense layer of a neural network is to increase
generalization, avoid biases to classand to help prevent exploding or vanishing gradients in a
gradientbased optimization algorithn{. A YLJX S YSGK2Ra 2F FaaA3dyAy3ad 48
can helpwith a preliminary test of the network to ensure a working prograrowever,

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

one or more of the aforementioned benefitgeatly.In Chapter 6, we will talkbeut the Xavier

Initialization method used in our proposed Transformer Architectlitéds method was seen to

help avoid slow convergence and prevent oscillations from the minima.
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Figurel2: The Transformer Model Architecture

The Transformer Neural Network is a ddeprning model that utilizesattention¢ in order to

store memory and link sequences togeth#drwas originally developed by Google in 2017 and
LJdzo f A A KSR ¢ A (Atention isJAIYGUNNeddl ® (1 ¥ S RE & K Aediral fieBuark ( & LIS
that rivals the performance of LSTMs and RNNs, astete-of-the-art technology was bor39].
Traditionally used for Natural Language Processing, it is now ati&ptackle different types of

problems such as detectirapd diagnosingaults in an electric motor.

Transformersas we know itwere formally introduced in 2017 by Google Al for the purpose of
solving sequence transduction (seg2seq) in which their su¢wessstablished it as the statd-

the-art model for Natural Language ProcessiBgilt from existing knowledgefdhe attention
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mechanism proposed by Bahdanau in 2014, it was improved by Vaswani in the form- of self
attention and multiheaded 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 seg2seq 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 deemlagrmethods, such as IEMSP&AM, 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 throgh testing of a Stellantis eTorque belted starter generator on the DV
Electronics HR50 tester using an assortment of hiflequency sensors. The architecture of the
Transformer model will be explored along with its novel attention mechanism that shewcas
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 methbiaky 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.

Scaled Dot-Product Attention Multi-Head Attention

Concat

S L
Scaled Dot-Product J& h
Attention ~

- | |

’I L L l L
/,/ [ Linear]_][ I_inear]_][ I_inear]_]

MatMul

\ K Q

Figurel3: Multi-Head Attention Block
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3.2Core Compnents of Transformers

Overall ArchitectureEncodetrDecode}:

Before wediscusgshe working principles behind the Transformer neural networklepth, let us
provide a brief summaryfahe architecture as a wholdt is comprisedof a lightly modified
enader-decoder structure with layers and IQhat have been in use for years such as input
embeddings, feed forward layers, and even the attention mechanism itdedfbulkof the length

of a model plot diagram (e.g. Appendix A) is given as a repetitioneohtimber of tranformer
blocks presentn the model The strength from thisirchitecturecomes from theparallelization
capabilities and depth of the network itself which we will talk about in their respective subsections
below. As such, a machine leargiengineer with a background in the field and experience with
other sequencebasedmodels would not have trouble understanditige technical aspects of this
architecture which has been put to use for many years since its incepenwill 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.

EncodetDecoder architectures consist 6o main parts the encoder and the decodeilhe

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-s#éntion mechanisms and feedforward

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

information from the encoder and is particularly important in sequetsequence tasksuch
aslanguagédranslation. Like the encoder, it comprisgfamultiple layers, but it also has additional

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

masked multhead attention block, it masks the next word provided to it by the supervised
RFEGlIasSi gKAOK LINRPGSOGa GKS Y2RSt WNRequedk S| GAY
will be. In the original Transformers paper by Vaswani et. al., the encoder and decoder consisted

2F ¢ of201a SIOK gKAOK OFy 06S RSy24SR la G4KS 13
LSTMs and RNMNse examples of other neural networks whialso utilizean encoderdecoder
architecture,but in a recurrent fashiomather than with seHattention or parallelization aseenin

TransformersVariations of the vanilla architecture can include modifications of these two parts
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in which only encoder or decoder gms are usednd, in some cases, none at &lkamples of

this can be seen with

1. EncoderOnly Transformers
1 Designedto only require input sequence processjrguch as language modeling or
feature extraction
1 Examples include BERT (Bidirectional EncodpreRentations from Trasformers)for
pretraininglarge bodies of text or for downstream tasks such as classification
2. DecoderOnly Transformers
1 Designed to only require output sequence processing, such as for generative tasks or
autoregressive prediction
1 Bxamples include GPT (Generative HBened Transformers) for generating text
sequences one token at a time without an explicit input sequence
3. EncodetDecodetless Transformers
1 Designed for specialized applications where neither input or output sequencegses
are applicable
1 Examples include ViTs (Vision Transformés)applying transformations directly to
images for image classification

1 Demonstrates ability of Transformers beyond sequettceequence learning

Input Embedding & Positional Encoding:

Theinput 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 uniquesvdhese vectors are

then initialized at random or using pteained 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 neivks such as RNN. Thus, they require a positional
encoding layer to transform the word embeddings to include sequential relationships between
the input tokensg seltattention alonecannothandle the order of words in a sentenckhis step
ensures thatther 2 RSt OFly RAAGAYy3Idzi aK 6S06SSy LIKNI asa
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Position Embeddings
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Figurel4: Positional Embeddings Visualizat[d0]

How thisis accomplished by the use of sinusoidal waves which yide 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 theestence.Equation 3.1 describes the vectaddtion of the word
embedding withthe positional encodingPEyos2) Where each index, correspondgo a hidden
dimensionon the hyperplandfeatures) d, representghe dimension size which matches with the
word embedding sizeand pos representsthe positionorder of the wordin the sequence.

00 f i el (3.1)

PTTTT

Multi-Head Attention Blocks:

The deep learning aspeaf the architecture, the MultHead 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 sequenc&Vithin the MulttHead Attention blok, there are
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the input, the positionallyencoded word embedding, is entered as a value, key, and query vector

to go through a process of sdlftention, mncatenation, and theffull connectionvia linear layer.

Attention scores are computed in order to learn from the ingathnical etailswill be further

discussedn Subchapters 3.and 34.

Skip Connections:

As information is passed througlumeroushidden 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 lagr to pass directly over to the subsequent layBy implementing these$hort
circuitQsequential information is retained from transformatiaihst would have beeapplied in

the skipped layer which helps to combat vanishing gradients during backpripafl]. As such,

with regularization techniques such as L2 regularization, the loss gradient will only need to
calculate the residualvhich isequal tothe unaltered input tensor from théeginning of the
network (specificdy the difference between residual blocks each layer depending on how
many layers are skipped peonnection) Mathematical cancellation of thieidden functionoccurs

when the weight matricesof each layer or residual block is nullified to O during lpedient
calculation.This idea comes from the original ResNet architecture which has since been deployed

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

Equations3.2 and 3.3lemonstrate the differencebetween calculatinghe residuals between a
conventional network with and without skip connections. The identity matix,, is simply
removed when performing the calculus for the activation function (rélme must keep in mind

that with the use of skip connectionthe 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.

(3.2)
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Figurel5: Schematic of Skip Connecs(42]

Batch Normalization

Batch Normalization is one form of normalization used in a neural netwonkipoove training

McMaster University

With Residual Connection

stability and accelerate convergence. It works by normalizing the activations of each layer by their
meanandRA GARAY 3 o6& (KS 0 | Ratbd Qan agpliling yidahtRionREG@A | (G A 2
Fff FSFddzZNBa F2dzyR Ay [F@8SNJ b2N¥It-al i ORE¥E I &

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

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

constraints are reduced by performing calculations on a smaller subset ofBlataentering the

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

dominant features will appear in tHayer input matrices

Learnable parameters found in the normalization layers included & O £ S 0 Thes¢ WRilués

0aKA-T

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

activations They can be adjusted at each implementatisithin the architecture with every

normalization layer having #ir 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 normalizatistead which ensures consistency
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throughout both training and testingprocesses.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 generalizatiaf the model.

Feed Forward Layers:

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

1. Core Laye(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
standalone layer. Starting with theore 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 d the loss gradient and adjusting the weights of the parameters during backpropagation.
Typicallydense layers are uséd Transformersvhen solving for NLP tasksat require mapping
between connections between all the features available in the data.Mitiermation is heavily
correlated, the fullyconnectiveness 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 foasdification of lengthy sequences, convolutional layers
are better as theyconsider neighboring pixels of the sliding window filters transformer

architectures, typically two linear transformatioaad a norlinear activation ar@applied

The activatiorfunction is processed aftehe initial core layerand returnsthe initial output in
which it is then fed into the secorzbre layer. They providenon-linearity into the network in an
elementwise fashion which enables neural networks to learn completiogiships compared to
using linear activation functions. Commoaon-linearactivation functionsnclude: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 traiFtiigyvariable
can be set depending on the type of data you have, the applicatiggurpose 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\zabdation is

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

Finally, normalization is once again performed similar to the beginofntpe network when
applying shifting and scaling transformations to the input data. This is because the neurons are
constantlybeing updated in the core layesdwe want to keep thedatato be stabilized as it

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

Linear Layer:

The final layer of tharchitecture, the large number of neurons used in teed-forward layes of

the network are condensed to the number of classes we want to classify our outputs to. This is
usually inthe form of a2D vector of weights in which the highest is the classification résuitd

by theinferenceprocessFor NLP tasks, theontextualized embeddings the result whereas for

FDD, the class of fau#t 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 Einction (Softmax):

Thesoftmaxfunction is applied after the last linear layer of the architecture in order to define a
vector of real values to that of a probability fpredictinga certain word representation or fault
class.Not only is its role in defing 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 layerhartdue
distribution of the classes. The softmiaXhe default activation function for any Transformer task
and its output can be fed intanany different types ofclassifierssuch as MLP, SVM, Random

Forestsand CNNsEquation 3.4 describes the softmarsopability calculation.

” @ B A~ (34)
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Figurel6: Visualization of the Seffttention Mechanism [43]

The heart of Transformerg the selfattention 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 contextslestplore how it works

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

respectively, their variable names come from the retrieval systeth@fundamental attention

mechanisnmbefore Transformers

Unlike RNMNbased attention mechanisms proposed by Bahdanau et al. (2014) and Luong et al.

(2015), slf-attention is a form of scaled dgiroduct attentionthat is unique to the method

proposed by Vaswani et.@ H n M c 0

and output without using sequeneaigned RNNs or convoluti¢&9].

Ay GKS T Y2dza

transduction model that relies entirely on selftention to compute representations of its input
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Figure 1Gllustrates the five steps in whidhe attention weight matrices are calculated during

the optimization process of training Transforra@r the multirhead attention block:
Step 1.

After input embedding and positional encoding is added to the word infartsector inputs in
the case of FDDthe query, key, and valieguate tothe matrix dot-productof the input vector,
X, and theirespective trainable weight matris\*/WXW". The values within the weight matrices

are initializedas a hyperparametahroughmethodssuch as Xavier or Heftialization.
Step 2.

The query and key (transposed) computed in Step 1 are then multiplied together through matrix
dot-product to form the relationship matrj)QK. The relationship matrix represents a measure of

similarity between each word embedding wigirery following word embedding in the sequence.
Step 3.

The relationship matrix, GKis divided by thesquare root of thedimension size of thiey, Q ,
which is the columiwise length of the trainable weight matriar the key. Another name for the
value ofdk is head size, it is typically equal to the dimensionality of the input embedding divided
by the number of head#\s a resultthe relationship matrix becomes scalgavoidingexceedingly

large or small values whiamneatevanishing or exploding gradients during training.
Step 4.

Application of the softmax function is used to convert tav attention scores Ol f f SR af 23

from the scaledrelationship matrix, QKQ , into values that are bounded to a range that is
normalized for the transformer model, i.e:-10 This creates a smooth probability distribution

which enables easier trainirfigr the optimizerduring backpropagation.
Step 5.

The scaled and normatéid relationship matrixi ¢ "Qo @ @ @VQ , is multiplied by the value
matrix, V, by matrix demultiplication. The result isneLJl NJ f f St &fith8 Rultibeaed R &

attention matrixwhichis theconcatenaion of all attentionheadscalkulated simultaneously.
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3.4 Multi-Head Attention
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Figure 5: Many of the attention heads exhibit behaviour that seems related to the structure of the
sentence. We give two such examples above, from two different heads from the encoder self-attention
at layer 5 of 6. The heads clearly learned to perform different tasks.

Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A.N., Kaiser, L. and Polosukhin, I., 2017. Attention Is All You Need.

Figurel8: Difference between Attention Hea[89]
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Taking sefattention a step further, Transformers incorporate mdigad 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 usi@ded complex relationships within

data.

Following the computations of individual attention matrices from each head, we concatenate the
resultants together to form a lorey multi-head attention matrixA. This matrix incorporates the
different perspectiveghat each attention headdeeks tofind, piecing together thefull context
puzzle The output is therpassed through a fully connected layer in which it becomeatiplied

by an overall weight matrix, ¥/to condense the information and draw out the mastportant
features to attend to This process is a sequential step that is conducted after each parallelized

computation of individuaselfattention matrices arecompleted with steps shown in Figure 17.

Figure 18 demonstrates thataeh head attends to défent parts of the input sequence
independently.The resultscome from two different attention heads that were trained on the
same model. Adepicted identicalwordsare linkedto different words, based on their colormap,

to varying degrees. This happdmscause each attention head focuses on different features from
one anotherand 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 frequencyn Chapters 5 & 6

After the procedure ofconverting embedded inputs to nuanced weight matrices in riingti-

headed transformer block, thegre 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 encodkler bloc
encircled in gray in Figure 12. A decoder block is essentially of the same shape but includes a
masked multiheaded attention block before theegularmulti-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 worskif. This is a consequence

of using training data which already has the solution provjded labeled data

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

model script begins. By increasing the number, teefgrmance 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 ket 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
dependenciest longrangeby looking betweemmultiple samples. Since transformer blocks are
stacked sequentially, wherein the outputs of an encoder/decoder block is fed into andtieer,

result isa highlevel view of relationshipbetween the data as a whole.

3.5Training Transtmers

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 understandingadsiveswathesof data builtin to

the attention mechanism mean that whole books, fat chapters or pages, can be internalized

for applications where finely tuned answers are necessary and the source can come from multiple
avenues Transformermmodels can also be applied for many different applications aside from
languagebased processes by changing the type of data used as input and modifying the
architecture with minimal alterationgzor example, an English language model uses a &)ké8

length for its sequencewhereas a microphone would record 4{800Hz for a 3second audio
recordingafter pre-processing for its sequenddevertheless, botlapplications, we will need the

samemassiveamounts of input in order to train the model successfully.

Beirg atype of deeplearning neural network,Transformersare 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 accurateeilng 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 callated during the training phase of a stadé
the-art transformer modet the largest generative language model to date is the Megairaring

NLG 530B with 105 encoder/decoder layers, 128 attention heads, 20480 hidden dimensions, and
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a total of 530 bilbn parametersStrategies that can be employed to improve training time and
accuracy include: using labelled training data, accessingraireed models, and the increasingly

popular method of transfer learninghich is using an existing model to boost foemance on a

related task.

Within the selfattention 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 tivgout. Again, in the mukhead attention block, it contains

the overall attention weight matrix which is also to be trained for hierarchical feature learning and
distinguishing between lontgange dependencies. Combined, these two are the major proponents

for optimization of a transformebased neural network and where parallelization occurs. They

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

Computational Requirements for Training Transformers
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Figurel9: Computational Requirements for Training Transfers[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 cantend to a portion of the batch to be calculated independently rather than having a single
corerun through every calculation one by one. This improves the efficiency of the physical system
to create optimal results in terms of speég factors of up to 1000x dependiog networktype.

As mentioned in previous subchapters, batch size is a hyperparameter which can be tuned to the
data formyou are working with, as long as the processing power available from your hardware.
Largetbatch sizeequateto a greatemumber of @quenceghat can be passed forwards and back

throughbackpropagatiomesulting in a slightly less stablaut faster convergng training curve

Finetuning of the model is a step after training has completed and is used to improve your model
further. Occaionally, iterative runs mayeedto be attempted in a triaknd-error fashion in order

to come up with the best solutions for a Transformer model as there are many hjtdeasses
unbeknownst to the programmer durirte training processAside from hypgparameter tuning

and changing your optimization algorithm, one can employ different training strategies such as
curriculum learning and multask learning to increase the robustness of a single model. These
strategies involve increasing the difficulty ¢tme examples provided and asking the model to
perform multiple tasks simultaneouslyheyallow for the model to become more generalized
which is beneficial to creating a powerful model that can be adapted for inputs withnvieryte

differences or beingble 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 accueaeywed There are
specific indicators for transformersfdNLP 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 imageis and how distinguishable the generated image is, respectigwever, thereare

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 alesodut and AUC

ROC. They can be applied to all sorts of domains which will come in harldg étassification of
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faults of an assortment of domain®y tailoring these metrics to every unique task, researchers

can evaluate the effectiveness across @asi applications.

3.6 Challenges and Limitations

Transformers, while powerful, are not without their challenges with several bextgemely
notableand possibly detrimentaWe will cover some of the primary driving factors as to why this
type of newage ted is so difficult to be incorporated when it has been shown to be one of the
bestexamplesof Al to date Their highly computational and complex nature requires a thorough
understanding of the attention mechanism and benefits from existing knowledge eique
neural network types. Having eighty years of experience in neural network design with fields like
mathematics, computer programmingeurophysiologyand psychology to aide in development
helped shape Transformer networkaday. Significantinfrastructure is required to operatesuch

large networks with expensive hardware such as GPUs and TPUs to facilitate a fast processing
environment. Since the quadraticakgaledsequences are heavily interconnected with thousands

to millions of parameters involek 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 doeblged sword in tht 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 altdrege 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 gapsTypically, lengthy prprocessing procedures and reduction

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

Interpretability is often difficultto explain in large models because of the many components
associated Wi K | O2YLX SE Y2RSf®d ¢NI yaFT2RIEENE YRRSt AT

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 whachagbh the model
has an error during troubleshootingdditionally, because of the biases that can be built, sensitive
topics make it hard to produce clear explanations for predictions at albigh. Think of financial
indicators, legal actions, and medi diagnosis that requires formal documentation tire
reasoning behind decisions.Transformers must be adapted in these areas to make their

interpretability and explainability accessible.

Scalabilityyesource requirements, anenergy consumptio 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 expentially increasing computational cosinless backed by

large corporations and research grants, the physical hardware required to run numerous
processing units may not be practical for laggmle modelsDeploying the level of transformer
models as GRIand 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 solutiorall aspects.

Finally, a reatime 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 foconstant static or dynamipredictive processes. Their cportational
intensity can lead to high interference latency making them less suitable for instantaneous
decisions, such as in the case of autonomous vehicles otimalanguage translatiarRunning
transformer models on edge devices (mobile devices)ndow-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 datastam. 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
Transfomer-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 Basidor Testngand Experiments
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Figure21: Disassembly of BS@ft); Table of Bearing Fault Conditions (Experiment(#ght)

Experiments were conducted at CMHT to collect test data for a series of faults: The two main
groups of testsare categorized as Mass Imbalance and Bearing faults. Both experiments were
carried out with the same apparatus and setupStllantis eTorque belted starter generatsr
mounted on D&V Electronics HI50 TesterPower is supplied to the electric motarwhich 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 throughpre-determined setpointoof RPMand Torque supplied by the motor. Data

from the sensors are stored in the dmward computer.
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In Experiment #1a set screw or bolt of varying sizdnserted into the threaded hole of the pulley.
It is asymmetrical in shape so that the mass becomes imbathduring rotation. The size of the
screwsrange from1.200g- 21.996¢g Fault conditions are labelle#D-7 as found in Tabl& below.
Fault #0 represents healthy condition with perfect balance. Fault #1 is the condition for the
slightest imbalancgradually moving ugo Fault #7 for the most severe. Interval from Fault #6 to

Fault #7 is significantly greater in added weight.

Table3: Mass Imbalance Fault Conditions

Fault
#0 #1 #2 #3 #4 #5 #6 #7
Condition
N/A Hollow | Hollow | Hollow | Socket | Socket| Socket| Socket
Screw Head Head Head Head Head Head Head
Type Set Set Set Cap Cap Cap Cap
Screw | Screw | Screw | Screw | Screw | Screw | Screw
N/A OKY¢§ OKY e OKY 8§ OKY&§ OKYE§ OKYE OKY§
Dimension 16 x 16 x 16 x 16 x 16x | 16xmé€| 16x1
1/4" OKY MK H pPKY| okn MK N
Weight 0 1.200g | 2.768g| 4.11g | 5.586g | 6.778g| 9.55g | 21.9969

In Experiment #2we investigate different types of bearing faults suchreduced lubrication

inner, outer, and ball bearing surface defediach test begins with a tedowwn of the BSG and
etching a mark onto the affected surface that is to be tesfigte extent of the surface damage is
1.0mn? in area with the surface depth to be controlled at a fixed amount which provides adequate
penetration using a rotary hand tool moted on an engravement stantlubrication 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 ambbuatto
soucing issues, tests are to be conducted with aftermarket bearings produced by SKF which
match all tolerances of OEM specifications. Fault conditions range frebnaglfound in Table 4
below. A matrix of two bearing defects + lubrication lesglatesto 8 different conditionswith

Fault#9 representing the control of an intact OEM bearing.
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Table4: Bearing Fault Conditions

Fault #1 #2 #3 #4 #5 #6 #7 #8 #9
Condition| (AM) | (AM) | (AM) | (AM) | (AM) | (AM) | (AM) | (AM) | (OEM)
Inner None | None | None | None 1.0 1.0 1.0 1.0 None
Ring mm? | mm? | mm? | mm?
Defects
Outer None | None 1.0 1.0 None | None 1.0 1.0 None
Ring mm? | mm? mm? | mm?
Defects
Ball None | None 1.0 1.0 1.0 1.0 None | None | None
Defects mm? mm? mm? mm?

Normal| Low | Normal| Low | Normal| Low | Normal| Low | Normal
Grease . . . . - - . - .

Fill Fill Fill Fill Fill Fill Fill Fill Fill
Fill Level
(50%) (50%) (50%) (50%)

The objective to collecting these two sets of data weoepletedwith two goals in mindl. To
observe the feasibility of employing transformeased architectures ooustomized sets dfme-
seriesdata and 2. Tdormulate new, effective diagnosic methods and analysis ofspecific
measuredor the failure modesof electric motorsIn this research, with collaboration from the
FDD team at CMHT, we analyze the recordedsneements of the system in hopes of showcasing

a new and efficient method of determining faults for re@brld data. By simulating problems that
may exist in masgianufactured products, we hope to prognose with early detection the common
symptomsfound in faulty rotating machinenjn order to negate totaimechanicalfailure 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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Outer Ring:

Figure23: 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 resiance to calculate its power and torque. This is done through the use of a
dynamometer which ia device similar tan electric generator thas capable osimulainga load.

An electric currentgets produced whenthe dynamometeris drivenwherein its véue can be
measured to calculate the force that was appliddiechanical coupling between the DUT and

dynamometer can be achieved with a direlrive, through gearing, or a belted connection.

There aremany types of dynamometers in existence which operateler the principle of
absorption (consuming mechanical energy exerted by the BUAH 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 &hHF250 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, enalbing 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 facf@ieety, 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 BYo sofware 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 TwWinCAT Rinizreal
control software to monitor and gather the various data streams described above. The system is

water-cooled with an oicirculation unit for constant flow and temperatufé5].

Device Under Testing (Motor):

The medium for our rotating maamery will come in the form of &tellantis eTorquBelted 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 afiB belted pulley which mates with théyfvheel
of the dynamometerThis electric motor, a type of mialybrid, is attached to the engine via the
serpentine belt in its automotive applications which enable features such asssiop eRoll

assist, rev matching, regenerative braking, and astha electrical source for other components.

The motor is capable of producing a peak of 9kW (12hp) of power and 67Nntftgaflborque.

It can operate at a theoretical limit of 18,000rpm at-lead conditions (zero torque), but we will
test up to a maximum of 17,000rpm. The motor is@ipbledwith numerous fins acting as a
heatsink surrounding it and the motor controllethigh 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 sensoase directly attached to the motor via AC clodedp
current sensors and higepeed accelerometers which are mounted to the cas8iuated inside
the motor is a thermocouple which measures internal temperatitere information about the

sensors and sigls 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 t€thtoughout the space.

It is impotant 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 changdéwe DUT may
become hot when run extensively, an initial temperature range is set 88026 before data
collection may begin. If the motor exceeds this range, the operator must wait for the motor to
cool. Thetest chamber is sound isolated as to not affect the various microphones situated within

the test benchenclosureand in the ambient sgpceof the chamber

4.3Sensors and Signals

Variables Summary:

Sensor measurements are recorded by the®WV software as .csv, .wav, and .tfd files.
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To be described in the following Subsection 4.4, ywetessing carried out to extract the data
from the 3 fles to a useffriendly 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 tsViihey represent the dyno speed (1kHz)umst 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 thalues 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 BS@wth dynamometer flywheel.

Sound and Vibratian

The sv variable provides 8 channels which originate from two accelerometers situated on the DUT
and test bench (XYZ channels for each), andn@ise-cancellingnicrophones located above the

test bench andnside theenclosure 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 iighlyrecommended to reduce the size of each data fieannel Xorresponds

to the microphone inside the enclosure, Channel 2 for the microphone above the test bench,
Channels & for each channel in the X, Y, anrdx2s of the accelerometer found on the DUT, and

Channels @ for each XYZ channel of the accelerometethe tester base

Voltage and Current:

The vi variable provides 6 channels of data which come from the 3 current sensors -25@0 HT
data acquisition system for voltage. The measurements are taken at the output of the converter
before going into the DUT llff 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 dowrsampling if required. Channels3lcorrespond to theahree-phasevoltage of the

DUT, and Channels&ifor thethree-phasecurrent of the DUT.
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4.4 Test Plarmand 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 analysideak to perform, it was determined that

only steady state would be necessafyansient conditions would require enormous amounts of
computational power to buffer and store the massive amounts of fiigquency data going to

the data acquisition system tlie tester for ourexpectedwide-range of test conditiond)Ramping
conditions also introduce other unwanted factors in motor control &sleématicswhich would

fare worse for analysis.
1. Steady State Tests

In the steady state tests, a setpoint is configuirethe DV/Pro software where a target speed and
G2NJjdzS FNBE RSAANBR® ¢KS GSa0SNI O2YYdzyAOlF GSa ¢gA
torqgue commands to the motor. The motor will then respond by speeding up to the target
setpoints rapidly before Hding 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 tdrhise.
speed/torque curve can be seen in Fig@ek Table5 shows the total number of setpointaken

F2NJ I &ad4dSIFRe adl (S cobfguredsetpotnt wiikunmiarked (blankpacest G Sa |

meaning they are unachievable due to power constraints.

Speed
———

! \ -
Time

Figure24: SteadyState Test Speed Curve
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Table5: SteadyState Test Setpoints

. Speed (x1000 rpm)
Setpoints
1 2 3 6 8 10 14 17
—_ 0 X X X X X X X X X
=
= 5 x X X X X
Gg-’_ 20 X X X
E 40 X X
67 X

2. Staircase Steady State Tests

Instead of resetting the DUT afteaeh setpoint is reached, we can save time by not commanding
the motor to return to zeroBut to go to the next setpoint after the hold time is m&y 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 1,0006,000rpm and 8,00Q7,000rpm segments. This because running all 9 setpoints in

one run will overheat the motor outside of the acceptable temperature raigighin each run,

the temperature does not rise by more thafl degreewhich deems the staircase strategy to be

efficient in saving time ahenergy without skewing the quality of data.

Speed

Time

Figure25: Staircase Steady State Speed Curve

Test Procedure:

Refer to Appendix B.

Demonstrates the use of DRfo software to run through script and configure software.

54



M.A.Sc. Thesis McMaster University
Jonahan Wong Department of Mechanical Engineering

4.5 Data Collectio 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 weahgdspects dbgistics to
considersuch as acquiring the tester and componentsubleshooting 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 initiativeunderwent 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 Al. With focus on collecting and armgsaund 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 dn the project concluded that electrical faults would be difficult to
differentiate as the irdepth measurementsequired at multiple points throughout the motor
were unavailable.Overall voltageand currentdata werestill recordedby the data acquisitio
system (DAQ)and could possiblye analyzedfurther in the future. Other researchers have
concluded similar sentiments with their analysis and ultimately, it was decided that vibration data

was the most impactful fotime series sensor data

Based on théoresight offellow 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, ONm and 17,000RRK&, all setpaits were gathered

with emphasis placed on this particular setpoiAttotal of 42 sets of data for this setpoint are

used across the 8 fault conditions, Tablelescribes the distribution of data to each class. An
uneven number of datasetsre theresult d data collection issuesthere weencounteredpart
failuresthat necessitated parts to be swappe@d requiring extra data for comparison between
similar classesE.g. BSG1 stopped working halfway through testing wherein BSG2 needed to be
swapped in. Howeve there are good baseline datasets which encompass a full range of faults
without changes to the setup. Ouwralidation proved that occasionalpart changescreated

negligible discernments on trguality ofdata.
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For Experiment #2he nature of bearings herently possessedifferent characteristics in terms

of producing a sound or vibration signature depending on load and spieesiall setpoints must

be used. A magnitude of testing hours greater than Experiment #1 was required due to the
disassembly offte 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 precauti@akeva® ensure

that the changes listed would not affect the data and each test run remained iderdicakever,
occasionally the datasets may not be fully complete or rekd be discarded aftethe discovery

of issuesregarding the setup. On the othdrand, all data included in this analysis have been
validated to be of quality and can undergo technical analyststal of 4 completed sets of data,
running through every setpoint, is conducted for each class. Classes 1 (Aftermarket Healthy), 8
(IR/OR/Lbe 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 fndt for validation

purposes A breakdown of the distribution of data per class is liste@iable6 below.

Table6: Datasets Per Clags Each Fault

Fault
Condition #0 #1 #2 #3 #4 #5 #6 #Hi #3 #9
(Class)

Mass
Imbalance| 7 7 7 5 4 4 4 4 N/A N/A
Fault
Bearing

N/A 10 4 4 4 4 4 4 8 10
Fault*

*Mass Imbalance = Single $eint
** Bearing = All Setpoints
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5 Data PreProcessingManipulation, and Augmentation

5.1 Data Preparation
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Figure26: Spectrogranof An Echolocation Pulse from a Big Brown[B&}

Many ecological, epideiological, and physical data records come in the form of time series. A
time series is @equence of observatiomecorded at a succession of time intervals. The value of
the series at some time t is generally not independent offits  dzS I1i{\e uséspetidlized b
statisticsto analyze time series argpecialized data structuree represent them in Python. Time
series data commonly showeriodic behavior This periodic behavior can be very complex.
Spectral analysiis a techique that allows us to discover underlying periodicities. To perform

spectral analysis, we first must transform data frime domain to frequency domain

After the events of data collectignrwheretest measurements are saved by the DAQ and stored
into menory, the .csv files containing voltage, current, and acceleration values are evaluated.

Figure B describes thdlowchartof dataprocessing procedures to transform raw data into input
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vectorsfor our Transformer modeEach subchapter will be used to idifiy the 3 main rowof
unique steps to achievihis goal.Continuing, he user will confirm that the information matches
with the .tfd file which is the trace filereatedby the D&V HT250 Testethat graphs values in
reaktime. Once confirmed, a Matladcript is used to synchronize all of the variables captured to
start at the samgpoint in time. This isompletedby relayingthe buffer order within the DAQ and
utilizing the time stamp measurements to align thieand sv signals Although alignment is rio
strictly necessary for Transformeitsis aninherent feature of this architecture, it will hetp ease

training for the model as well aonvertthe datato be accessible by different forms of neural

networks.

Next, the aligned data is segmented irgach setpoint for a further breakdown usé@danalysis.
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 steathte condition, isecond of datas
chosen at the timestamp with the lowest deviat®inom the median valuas shown in Figure 27

All datafrom that segment is thersaved as a .mat file for further processing in the form of
matrices A Microsoft Excel spreadsheet is used to map the seded matrices to theirespective

file locations.It is sorted and contains meta data such as order number, fault condition, time of

experiment, and part numbers used.
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Figure27: Raw Data Segmentation and AlignmefiSignalsisng Matlab
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Data Pre-Processing
Process to transform raw data into input for ML model

Data Create Data Normalization
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Appropriate
Channels

Frequency
Domain
Transformation

Plot and Data Length Noise
Analyze Shortening Reduction

Setup Perform Evaluation with
Transformer Train & Test Hyperparameter Fully Trained
Model Tuning Model

Figure28: Data Transformation Flowchart for Raw Sensor Data to Neural Network Input

Starting withalterationsto the datawhere we first see transformations applied to the sequence
data cleansings conducted taemove outliers, fill in missing fields, and fix entry errarsen we
want to pad and truncate theequenceso that theybecomeshapedo beaccessibldéor network

trainingandto remove unnecessary information.

Following the steps outlineth the core compnents of transformers subchapter, we will need to
tokenize the textual data if necessary. This does not always apply depending on your application,
but consider itsusein cases outside of NLfich 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 encodhgto the inputsas necessario providetemporalinformation

about where the tokensr featuresoccur in the sequencépplylayer normalizatiorio 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 tokenizasoweare handlinga numericalsequenceof
values¢ it becomesanalogous tosegmentationand feature extractiorwhich will be covered.
Typically, timeseries data should have positional encoding applied as Transformers work in a hon
sequential mannerHowever, psitional encoding can be foregone depending on @malysis
type, length ofsequence, anddata sourceWhendata isconverted tothe frequency domainthe
sequential component is lost and only the k@nd amplituderemains 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 conductexh time-series data solely, primarily using statistical
techniques such as autocorrelation, moving average models, decomposition, and anomaly
detection. It issuggestedo operate in the frequency duoainas the nature of the classification
problem is cyclical. In the two fault types being examined, theth belong to rotating
components of electrieanachines;thus, pulses of energy propagate through the system at a
constant and consistent rate. Frequy analysis provides a method to determine the intervals at

which these propagations manifestroughouta mechanical system.

TheDiscreteFourier Transform is a method to convert a tirseries signal into frequendyased
functions. The requirements ardt the timeseries is spaced equally between points, is finite in
length (nonreal time), assumes periodiciip contairing one period of an infinitely repeating
signal, and follows the Nyqui§thannon Sampling Theorem which states that the signal must be
sampled at twice ogreaterof the highest frequency presenthe latter point is an important

point of discussion as it effectively reduces signal length by half as well as preventing aliasing
issuesThe DFT itself is possible for direct computationyéeer, it is extremely time consuming.

A highly-efficient algorithm called the Fast Fourier Transfomras developed in 1805 by Carl
Friedrich Gauss who used the formula to interpolate the orbits of astelfdids However, it
wkay Qi dzyiAf wmdpcp 6KSY ivlepgrentlyreigdventedte ebugtidns W2 Ky
first crafted by Gauss to form the modeday, generiorm FFT48][49]. It was developed during

the heightof the Cold War to detect Soviet nuclear launches, preventing a possible third world
war. The algorithm is now recognized as one of the most importantigtges of all timeand is

used in practically every industry and electronic device today.

» ®»Q 7 (5.1)

The Fast Fourier Transform is described by Equation 5.1, whé&eXomplex numbemn is the

data sizeandQ ¥ isa primitive Ath root of 1.Evaluding the expression requires EJOQT)

operationswhich is2 NRSNE 2 F Y 3y A ( dzR S)aTheFAFH acBievés ithikloyy 5 C¢

factoring the DFT matrix into a product of sparse factetBicingcomplexity.
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When taking the FFT of our prepared daagwnin Figure 29we can clearly see distinct peaks

that appear in the power spectrum grafelow. 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 lerty. Three major peaks are seen &0Hz, 700Hz, and 1200Hhich is

plausible from a fundamental rotation frequeneyen slower a000RPM or 33.33Hz.

The reasoning behind this phenomenon is thall bearing fault frequencies are generally related

to harmonics or multiples of the fundamental rotation frequency including:

9 Ball Pass Frequency Outer Race (BPFO)

9 Ball Pass Frequency Inner Race (BPFI)

1 Fundamental Train Frequency (FTF)

91 Ball Spin Frequency (BSF)

Mass Imbalance fault frequencies are almost entitedged on harmonics ahe fundamental
rotation frequencies. Physical movements in the setup caused by an unbalpolbeg can also
cause vibrations or impacts with its surroundingsulting ineither highfrequencies due to

resonance or sporadic pulsasthe timeseries datavhichresembleflat, broadband noise

50 T T T T

20 F J

-30 |- J

%104

Figure29: DoublesidedFFT 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 omgmsformationsthese 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 applyinge 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 techniquesres applied to the input data and tested for an
increase in performancdow-pass filtration andhardthresholding A low-pass filter allows signsl
with a frequencylower than the specifiedcutoff frequency to be transmitted and thieigher
frequencies tabecome attenuated at @ertain steepnesd-or testing, the cutoff frequency was
set at 10% of the Nyquist frequenajth a steepness of 85%lard thresholding is a basic method
that sets values above and below a certain magnitisdeerovalue. For testingeither 10%of the
peak magnituden the timedomain oravalue of+0.5 in the frequencylomainwere chosen from
inspecting the graptBoth of these techniques were applieddath the domains to see the effects

of denoising pre and post Fourier transfdng.

While it is ideal to remove insignificant spikesised by noiséom the frequency spectrum, it is
ill-advised to apply techniques that utilize smoothing to produce a clearsgectrum As
smoothing rounds out the curve of a signalybuld not be sitable for training a neural network
that relies on anomalies in the form of peaks in the feature extraction prod&sswant to
maximize the magnitude readut 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 otherfiieed, wavelebased, or
deep learningbased denoising techniques that are more advanced for higher digwadise

separdion.

Figures 30 and 31 describe the befamed-after effects of denoising in the tim@omain of the

time series signal with a representation of the accelerometer raw data and power spectrum.
Figure 32 describes the effects of denoising post conversioheoftime series signal in the
frequency domain. Comparing the original data on the-teftst graphs to the denoised data on

the right, weobservethat denoising is better suited to being applied post Fourier transform.
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Figure30: Denoising Tim®omain Acceleration Signal Pre and Felering (TimeSeries)
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Figure31: Denoising Tim®omain Acceleration Signal Pre and Helering (PSpectrum)
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Figure32: Denoising Frequendyamain Acel. Signal Pre and Pao§iltering (PSpectrum)
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A large proponent tdhe driveof this methodof Transformerbased neural networks for FDD is
for rapid deployment. Although redime solutions of fault detection would be ideal, it is
impossible withthe technology at its current state to evaluate such large amounts of data and
apply itin immediatesuccession. We compromise by reducing the amount of data needed to be

processed and reducing learning times winilaintaininghigh levels of accuracy.

With sequenceo-sequence transductignit is crucial forsample lengths to not overbear the
memory constraints of the neural network machidering instances of long sequencekhis
obstacleis one of the largest problemepresentingthe implementation of Tansformers strictly

due to the amount of memory being stored simultaneously between all ofattention heads.

With other sequencédased architectures like RNNs and LSTMs, one can expect the same issues
to amuchsmaller degrega lengthy sequence mighie problematic, now imagine having 8 or 16

times thatfor a typical transformer network.

Depending on the type of data and timeframes requifed your application, sensor typand
sampling ratecan beof utmost importance For moments wheréigh-speed, sasitive data is

being recorded we must ensure two tasks:

1. The recorded timeseries signal includes the period where fault conditions are present

2. Appropriatelysizedand number of periodic cycles are captured for the DFT

The synchronization between recordeedium 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 utilisghespeeddata 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 6fTBe buffer sizes capablef storing

all of the necessary information without being overwritten when operating at high sampling rates.

Additionally, one can use a programblescript to align the startingoints of the saved filesand
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physical motionof the machineif the computer processor cannot handle both operations

simultaneously.

Typically alarger number of periodsesult in abetter frequency resolutiorallowing for more
precise valus of the bins duringDiscrete Fourier Transforrapplication Although it is on}
theoretically necessary to capture a single period to calculate the frequency of a signal, the
difficulty is increased when operating at higheeds the recording duration could bas short as

athousandth of a second whidhk inradequate for capturing full revolution ofthe motor.

Spectral leakage is also a concéwncomplex signal&vhen a norinteger number of periods is
used for calculation of the DFIT.occurswhen the signal does natompletelyfit in the analysis
window, causing energy to skiihto adjacent binsThe effects of spectral leakagause the values

in the frequency domain to become offset or distorted from the true frequency value of the
physical signal. inay manifest as noise or perturbations in the DFT values which lookHike t
ripples of a waveform when graphe@ne solution is to use windowing to frame the signal to
contain an exact integer number of periodisreduce the effects of spectral leakage when having
to deal with a noAnteger period signal. Hann and Hamming wiwitty methods are commonly
used for this purpose, they are attributed to minimizing the side lobes to produce clean frequency

signatures witHittle scalloping.
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Figure34: Data Length Shortening Progression

With the signatransformed and framedb its final form, we must condense the sequence length

to a shorter format The steps described below are customized for ¢cbeputer in which our
transformer neural network will be trained obut the concepts can be applied to any network.

As mentioned in the thesis objectives, we look to deploy the transfoiipased fault detection

and diagnostic method rapidly. This meanattthe information being trained requiresinimal
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 objectie in keeping the input as close in shape to the original data as pod3ildeto 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 subchapteh input sequence

will need to reduce in feature size from 48,000 Hz 40P 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 analydisst becomes shortened from

the data alignment proces®arts of the signal are discarded and synchronized up to a certain
point in time which equates to 20illisecondsor 9,600 Hz of discrete time series values
removed. Next, we apply the Fast Fourierngfarm algorithm to compute the DFT which enables

us to remove the negative frequencies of the signal producing asatexl frequency spectrum,
essentially shortening the sequence length by higien, because of the nature of the bearing and
mass imbalane faults, we can determine that the higher frequencies are redundant to the
analysis which can be confirmed by looking at the fault signatures in Figurad3&igure 37.

Beyond a certain frequency, all other amplitudes are-eaistent or are present irhe form of
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noise with powers close to zero. As a result, we cut off the figimtd 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, thiscanducted purely to reducethe size of the

input to allow for a stronger network architecture with more attention heads ttdl number of
transformer blocks as well aecreasdraining time by increasing batch size. It can be said to be

a result of trialand-error to determine how far we can push the memory constraints of the
computer system on hand-his iterative process is trialed after the neural network has already
been configured and the program script is compiled, it will fail shortly into trainingerhory

limits havebeenexceededBy 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 thevpop 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. Calcutats 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 thattransformative
stagesproducereasonable outcomed.o preventunwanted factors and biases towards one type
of data, we will focus the inclusion of raw data to be provided by only one sebs@r to the
format of voltage and current files being in .wiavmat and sampled at roughly quadruple times
greater than the sound and vibration sensor® will omit those results. However, certain types
of electric machinery faults rely on these signadsbe usedfor certain types of analysis
Preliminary resultédrom members of the CMHT group have found verifiable evidence that they
hold necessary features for fault detection when used for electrical faulth asnter-turn short
circuits and worn winding faultd=or the purposes of this research, we wiiped¢ the sound and

vibrationdata with their respectivelots shown below.
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Visualization of Different Sensor Signals
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Figure35: Power Spectrums from All Sound and Vibration Channels

Figure 35compiles the power spectrums from all 8 channels of the two microphones and two
accelerometers as noted InK I LJG S NJ est@tupdEhedal uskd to produce the FFT results
ischosen at randonselected abeingthe first setpoint of ONm, 1000RPM. All of the sensors show
aclearpeakat 480Hz, the fundamental frequency, with hmaonics appearing thereaftewWe can
observe Microphone #2, placed outside of the test chamber, to contain large amounts of noise at
a frequency range belowlO0Hz.It also contains manirregular peaks that do not matctose
visiblein any other sensorgherefore, it can be deduced that they originate from outside sources
unrelated to the fault conditionBoth Microphone #1 and Accelerometer #2 haveumber of
peaks under”00Hz which do not appear to be fractional or gudrmonic to the fundamental
frequency, so again we can discard their information as being@guct of environmental noise

or acoustic sensitivityAlthough detectedn both sensorsthe strength of thesole two peak®of
Accelerometer #1 contribute to anuch greaterpower which becomesmore reliable for
information qualitycompared to that oMicrophone #1 and\ccelerometer #2Crossverification
across multiple tests and different setpoints confirm these findiddisaxes of the accelerometer

produce the same trend ansimilarpower levels as one another, therefore we will have three
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times the amount of datavailablewith each test. Accelerometer #1 will be chosen as the sole

sensor to supply raw data for transformer network training.

Whenchoosingdata that fits adesiredshape when [otted, it is ideal tovisualizenow each of the
faults mayappear Figure 36 shows the nuances between each of the 9 fault conditions found in
the bearing faultexperiment These small differences in the graphs are what the Transformer
architecture will éarn in terms of featurselectionto be able to classifthe correctclass that each
sample belongs to, thus diagnosing isswithin anelectric motor.Figure 37 shows the effects of
inducing frequency based on speed and laguplied; demonstrating a plsical explanation
between vibration and sound generatioiWe will discover that certain faults are better suited for

detection at specific operating conditions compared to others.
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Figure36: Comparison of Frequency SignatuBetveenEachBearingFault at ONm, 1000RPM
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Finally, it is essential to verify the entirety of your data that neural netabdavilyrely on to
generateconcrete evidenceBy plotting thedayto-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 scanmimggraph shown iRigure

38 provides a check by showing the very minimal amount of change that is to be expgeaedur
through genuine variabilityrather thanissues associatedith our setup. Each row provides
compareand-contrastbetween the YZ axes as well as motor swaps and intgrads changes

which is valuable to leartinat the data has been collected unifornmdynd is ready for training.
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5.4 Data Augmentation

(a) Original

ST

=3 2 T

(b) Jittering (c) Flipping (f) Permutation (2) Window Slicing [29]

(d) Scaling (¢) Magnitude Warping [30] ‘h) Time Warping [30] (i) Window Warping [29]

Figure39: Viable Data Augmentation Techniqyb4]

An exercise was conducted in order to generate a larger amount of datufofransformer
basedneural network to learn from. Custom datasets are prone to hgvdifficulty with Al
methods of fault detection and diagnostics due to the lack of valuable data that may not be
available without years of collective dagmthering effort. Our team at CMHT have been
constructingthe tesing apparatusfor these experimets extensively eachoperation takes
painstakingly longeriodsof time to gather, transform, and validate a suitable set of data which
researchers canmitilize. Unfortunately, this type of informatiois often times too unique and
cannot be found online. B, 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 datasetsBy atrtificially expanding the size and degodevariability of a training set, data

' dzZ3YSydaliAaz2y OFy AYLNRGS | Ofigrll tle@eioped BrfinSabl € A T I (]
recognition in CNNs, they can also be applied to numerical sequences such as frequency spectrum

bin valuesThere are a amber of basic transformations that can be applied to an existing dataset

to increase theotal number of samples available for training which will makgneural network

more robust. Examples of transformationsan be seen in Figure 39 with the selentof

transformations thatwill be used in this thesiencircledin green.Thesetransformationsare
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amongst the most commonly usdthnsformationsfor all types of applications baseh their
simplicity andease of useComplexaugmentation techniques alsexist and are an active field of
research amongst data scientists anthchine learning engineer§he benefits of these more
complex algorithms are that they creaselditional solutions that work with a particular type of
dataset.In instances where a segace may not have high values in certain regions that do not
reflect the physical reality @ periodic signafor example in a power spectrum sequence that has
a sinusoidal wave of 50 hertz, it would not make sense to artificially create a spike artDfbh

the sake ofapplying a translatioal transformation.

Additionally, pattern mixing techniquesuch as SMOTE and SPAWNIBER0t assume thathe
results of basi¢ransformations equate taealisticsamples that are typical with existing ones.
Instead, they combine one or several patterns to create reasonadselts Generative models

are an entirely separate entity that evaluate the feature distribution in an existing dataset in order
to create brand new samplethey can be classified as statiatior neural networkbased models.
GRATIS and GAN are examples of generative data augmentation techrilyjieego their
complexity and complication to the main objective to this research, we will refrain from using the
more complex algorithms for data augmtation. Instead, we have determined the best options

for basic transformationbased on thelable 7 below.

Table7: Data Augmentation Recommendations for Data Type and Model Type

Table 5 Summary:

Data augmentation recommendations for data type and model type.
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Within this data augmentatiomethod selectionexercise, we referenced the table providby
Iwana and Uchida (2021l 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 dta collected from the accelerometers used in our testing as well as models
that are closest in architecture to a typical Transformer neural netwihis resulted in analysing
electrooculography (EOG), electrocardiogram (ECG), hemodynamics (Hspec)jrosopy
(Spectro), anctlectromyography (Spectruntatatypes And multilayer perceptron (MLP), long
short term memory (LSTM), anddirectional longshort term memory (BLSTM) neural netar

The data structure, length of sequence, and sample profile aréaetbrs considered when
choosing these datatypes for their closeness to vibrasensors Classifier type, architectural
structure, and directional capabilities are the factors that contribute to the selection of model
types.With these variables consided, we took a count of the tofive 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 thaop five techniquesjittering, window warping, scaling, timvearping, 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 #eatld 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 applieseddeahporalcoefficient

to stretch or compress the segmewithout affecting the entire time seried he starting point
and duration of the window can be randomized at different rafEse number of times a sample

is warped can also be chosen as a param&mce 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 randomited fa
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 wanpg changes the time intervals between data points, but
differsby applying it throughout the entire time serid&nots are randomly placed throughout the
time series with a minimum of one knot separating the sequence into two or more segments. The

rate atwhich 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 woftpéng path The spline

is alwayscalculated with respect to the original sample points through a series of cubic spline
interpolationsand rescalingThe warping patttonsistsof normalized and randomly distributed
sequencseequal to the number of knotwhich hare been linearly spacedndtransformed bythe
curverate (" ). Acumulative sum ofhe sections ofandomized curves are added andelament

wise operation is performed oibs entirety to matchwith the originalsize of the input shap&he

original sample ithen 1Dlinearly extrapolated with the warping path to crealestortions.

SPAWNERumPimAl Warped time series geNEratoR

Developed in 2019 by Kamycki et al., SPAWN&Ra novel concept whicaims to combine
warping and interpolation based omisoptimal alignment of time series data. It generates a new,

synthetic sequence with the original structure that contains altered temporal characte(B#ts

Upon trial of implementing these data augmentation techniques oo 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 optegbta@ith another

data augmentation techniquecalled Local Averaging transformation another basic
augmentation technique that works well by establishing a small shift to the data points while
keeping the same trend in the datan interpolated value between two groups of points taken

as part othe 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 shtetm fluctuations ad makes longerm trends

more apparent. Local Averagingn also be applietd both the time or frequency domain offering
extra customizabilitySPAWNER was removed for the sake that it is an encompassing technique
that works to combine multiple basic traformations which makes it harder to quantify the

effectsof each transformation and undermining the variability and control of each transformation.

Overall,data augmentatiorhelps to create diversity in the training datao preventan overfit
modelwith an originaly limited dataset.It also provides additional sample sizes that can help to
condense the hidden features lying within a datasemake classification easiévhenused with
unbalanced datasets, they can also equalize the twahber of traning sampleso prevent bias.
Although generated data comes largely from the transformations of existing data, we are able to
treat the majority ofsamples as unseeqwith the exception of samples provided by a Generative
model whichare more susceptibléo errors within its model.By exposinghe neural network to

a wider variety ohewscenarios, data augmentatiomproves generalizatiomeduces overfitting,

and increases robustness thus boostitggability to performaccurately on the original datét. 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 thefeiént techniques described in Chapter 7.
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6 Proposed Transformer Network and Model Training
6.1 Preliminary Test on Piexisting Dataset
Ford A Dataset:

Before we begin creating a transformbased neural network on our customized dataset, we will
modify and est a basic transformer derived from the framework provided by Vaswani et. al. From
the datasets gathered during collection and fmecessing, we look to find similar data types in

the form of longsequenced time series datar comparison.

The Ford A daiset was originally used in a competition for an IEEE World Congress on
Computational Intelligence in 20QB3]. It proposes a similar classification problem to diagnose
whether a fault exists in an automotive subsystdgach ase consists of 500 measurements of
engine noisend the corresponding classificatidhis one of two sets of data collected in typical

operating conditions with minimal noise contamination; clean vs dirty (Ford B).

Table8: FordA Dataset Transformer Test Model Configuration

Train Size Test Size Length # of Classes | # of Dimensions| Type
3601 1320 500 2 1 SENSOR

140
500
0 o 08
o
400 E
o o 06
=] =
2 =
a [
&
= 0 = 04
=
1 535
200 0z
0o — example estimator (AUC = 0.85)
100 T T T T T T
0 1 0o 02 04 06 08 10
Predicted label False Positive Rate

Figure40: Ford A Transformer Model Confusion Matrix and ROC Curve
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The model used for this test was conducted using the Kerasléngh APl and TensorFlow
platform under the Pythotanguage. This interface is a popular choice amongst machine learning
engineers for their approachable anaistdeep learning libraries. It provides mapgirameters

that can be customized depending on the architecture and allows users to cover eveny step o
machine learning workflow. Common components of neural netwarkeseadily availableand
caneasily be stacked on top of each other faryaeep network. An expansive list of metrics can
be tracked and displayed during and after model training. Howetwes 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 numbef 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 optimizesults. 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 ael@eeasonable detection

rate that indicates that tharchitecture works as intendetlVe will set variables tthe suggested

values basedn popular machine learning papers for general applications.
How to speculate about the performance of the model?

Anexcellent model haan Area Under Curve (AU@ar thevalue ofl 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 reguttis predicting Os as 1s and 1s as Os.

And when AUC is 0.5, it means the model has no class separation capacity whatsoever.

Figure 40 describes theerformance ofour basic transformer on lonrgequence sequential data
with samples belonging to one of two skes. The confusion matrix on the left showalade with

the number of truepositives, falsgositives, false negatives, and true negatives fromtofom,
left-right. The resulting number of correct classifications are 1,122 out of a test size of 1,320

equatingto an accuracy of 85.0%oincidentally, ialso has a good separability measuré®@5.
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6.2 Mass Imbalance Invariant Data Model

Data Split (Train/Validate/Test) 80/10/10

Optimizer Adam

Loss Function Sparse Categorical Cross
Entropy

Epochs 363 pre-tuning, 31 post-tuning
= 394 total

Activation Function RelLU

Input Layer Shape [(None, 480, 1)]

Output Layer Shape (None, 8)

Figure4l: Proposed Transformer Neural Network Design

Having successfully executed a transferrhased 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, wexylhinthe types of data
we currently have after running the Matlab scripsponsible foisolatingand formatingthe raw
data. As mentioned in Subsection 4.1, in Experiment #1 of Mass Imbalanltg, there exists 8
different fault conditions ranging from pfect balance to a substantial imbalanceatidedweight
of the driven pulley of the BSGhus, we have in our possession 8 individual .csvfblethis
experimentwith rows of samples belonging to each class with a leng##86features.Note that
in this experimentye refrain from the full data prerocessing procedures as Wk to test our
upgraded model oiin-housedata as well asbservingf results can be obtained whikemaining
in the time domain. With this in mind, we have selected each sagno be 1/10¢" of the full
sequence which equates to 10mer sample .Referencing thelata 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 assembityis always advised to examine the fastest rotational speed
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in order to generate the strongest signatufeherefore, the data being used for this experiment
comes from themax RPM (ONm, 17,000RPM) test setpoint. At this rotational speed, we can
calculatethat 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, wepiilb use

every availableset of data as long a$ has been verified to be clean. Thigy result in an
imbalanced dataset between the 8 classeshich we can resolve by employing a strong
randomization strategy and varying class weighting during the intrdaing processWhile
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 badtl starter generator tdhe 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-drmoht
collisions.However, long term usage mhigh temperature environment such as an engine bay
may cause warping during high torqdemand 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 fdexperiment Onénclude 4 full setswith the healthy conditior{Fault #0), and

two levels ofminor imbalancesRaults #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¢fQ@Beir sequence

duration for a totalof 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 maximumature extraction at a tradeff 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 ofleariab

such as learning rate, number of units, dropout rates, and more. After each training iteration, the
Y2RStf Q4 LISNF2NXIyOS Aa S@ltdad SR 2y GKS @IfAR
accuracy and prevent overfitting by means of early stoppage important distinction to this
SELISNAYSYyld A& GKS 62NR GAYyDFENARFyOSés Al NBTFSN

randomizer which blends the environmental and temporal differences between the data

79



M.A.Sc. Thesis McMaster University
Jonahan Wong Department of Mechanical Engineering

collection process. In the Bearing Faults &arData 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 netward be an encodeonly architecture.
Reasomgbehind this decisiostems from the facthat classification problesdo not require the
generation of arall-new output sequenceOne can imaginthe decoder as a machine that reads
the information learned fromts neural networkand translats it into a differentform. Instead,

we onlyrequire theencoder outputto be converted toa vector of labels for each clad3elving
inside the encoder block, there will be layers for normalization, aindéid attention, dropout,
residual connections, anddimensonal convolutiorthat formulate the majority of the learning
process A classification headollows, wherén the output tensor will need to be reduced to a
shape equal to the feature size and is completed using a Global Average Pooling laytben

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 makingee Appendix A for thrmaodel workflav andlayer 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 encétleneason for this is
because Transformers generate higimensiaal outputs, MLPs effectively process these vectors
by applying linear transformatiorisllowed bynon-linear activationgo capture complex patterns

in the data.Thenumber ofdense layers provide different levels of training for mapping the input
to the corresponding fault classmproving hierarchical feature representatioddLP unitsare

employed endo-end in an encodeonly transformer

As mentioned irChapter 2.3, the ADAM optimizer brings the best of both worlds in terms of
utilizing momentumfrom RMSPropand adaptive learning ragefrom 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 dataselsgSee

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 entrdpyselected to be thiss functiorfor this model as its commonly
used for multiclassunivariate classification tasks. It provides sparse labels rather thanhmte
encodings of the output vector which makes forsweamlinedjob in conjunction with the
classifier. It calculates the total entropy between distributions over all pessilalsses which
makes for a great tracking metric as well as being memory efficient. Sparse categorical cross
entropy also assumes a zergalue for low probabilitiesmeaning it does not contribute

significantly to the loss functigrinstead, focusing on étrue 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 @wsen activation function of ReLU as

it maintains a smooth distribution for the forward pass as well as during backpropadgagipn
Compared to large or zenalue weight initialization, we can save considerable amountisnaf

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 withlm(t, limit) with the square root

of 6 divided by the number of input units (fam) inthe weight tensor plus the number of output
units (fanout) also in the weight tensor. Following the method provided by Glorot, we also
initialize the biases to equal 0.

7 . 7
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The initial values for theyperparameters remain asuggested based on the original Transformers
paper,similar to the preliminary test model as this version willizé a hyperparameter searching
algorithm to fine tune those valuesthis is to be executed after a successful run of the model to
ensure working orderA list of discrete valuess provided to each hyperparameter in which they
are randomly selected toain for one epoch and then validated to meastreningperformance.
These values are typically set as powers of 10for everal practical reasons such as logarithmic
search space to cover a wider rangfesensitivities (powers of 10), hardware eifiescy 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 transfoer models and makesr an intuitive way to scale
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Hyperband will be the tuning algorithm of choice as it is an efficient method useful for when
evaluating hyperparameter configurationlsat are computationally expensive such as in deep
networks; particlarly 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 conaoisicare iteratively
pruned and remaining resources are allocated to the prime optBasefits to Hyperbanohclude
quicker execution compared to common hyperparameter optimization algorithms such as
Bayesian Optimization as it is nerhaustive and nosequential in nature while providing

similarly high levels of accurady list of hyperparametersubject to tuningare shown below:

Transformer Neural Network Hyperparameters

Head Size Dropout
# of Heads Epsilon
Layer Units Kernel Size

# of Transformer Blocks *Learning Rate

= =/ =4 =4 A
=A =/ =2 =2 =

MLP Units *Batch Size

T MLP Dropou

Table9: Mass Imbalance Invariant Data Model Hyperparameter Configuration

Hyperparameter Value
Head Size 256
Number of Transformer Heads 4
Hidden Layer Size in Feed Fordvhayer 64
Number of Transformer Blocks 5
MLP Units 512
MLP Dropout Rate 0.1
Dropout Rate 0.25
Learning Rate le3
Layer Normalization Epsilon (Variancé) + le6
Batch Size 64
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6.3 Rolling Element Bearing Variant Data Model

With large gains to the devgbment of a transformebased neural network for fault detection

and diagnosticdrom 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 failofe®lling element bearings,
particularly ball bearingsThenine fault conditionslemonstrated in Experiment #2 of Subsection
4.1represent a combination of 4 major issues, inner ring defeatiter 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 Chaptes.

Much like the Mass Imbalance Invariant Data Model, th&l 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 tadifieculty 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. Thankfuliy 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 failurghose sets are omitted from analysis

Each fault condition has #ill setsof data with the Aftermarket Healthy bearing and Original
Equipment Manufacturer (OEM) Healthy bearing having 6 additional é&tk. sensitivity tests

being of high importancaye want to determine if it is possible to detect an aftermarket bearing

of the same specifications as the original manufactuviich is why those two conditionsave

additional dataFor Experiment #2, a very important distinction that was mentioned before is the
AYGNRRAzOGAZ2Y 2F a@F NRI yOS éndplete sefoh dath t belukes ford S LI NJ-
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 beang that is placed inside the BSGreal 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 usingjmtest-
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split assuming that multiple samples taken from the same test period are split allowing fractions
of intraday or intraexperiment differences can potentially be captured by a good neural network.
With that said, the data for this experiment comfesm the same test bench setup so the sensors

will be capturing the same 48,000 Hz vibration signals.

Postprocessing techniques will be applied to the data meaning that the previous strategy of
splitting eachtest into 1/100" is no longer applicable. Bact8,000long 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 disEmieier
transform.With this change comes an emeous challenge, one that defines this research paper

in maintaining a long sequence input vector to a transfori@sed classification model.

As capable as a Transformer neural network can be, with its extremely long memory and parallel
capabilities, thememory usage exponentially increases at an unsustainable rate. Going from a
sequence length of 480 to 2,400 posed great challenges to this nidgeérparameters needed

to be detuned heavily with batch values being reduced to a single unit in many cheespeled

at which a parallel architecture provides is now a tradebetween speed and accuracy. Our goal

is to determine the feasibility of a transformbasednetwork;therefore, it was decided that we

will focus on achieving acceptable or greater Isvef classification accuracy over speed of
training, validation, and evaluatioBased 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 ble to run. The greatest factor to memory usage was batch size and LR.

TablelO: Bearing Fault Variant Data Model HyperparameZenfiguration

Hyperparameter Value
Head Size 64
Number of Transformer Heads 6
Hidden Layer Size ie&d 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 le5
Layer Normalization Epsilon (Variance) + le6
Batch Size 2

Hyperparameter tuning was not an option for this model as iemory 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 systerithe importanceof 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 negssary to achieve a sustainable accuracy at the disposal of a timely training

processWe will discuss the results of these tests in the next chapter.

A small change to the train/validate/test split was made to be 75/184.@ccount for a greater
number d classesAdditionally, the class weights have been adjusted to account for the change

to total number of samples per claghe number of samples have also grown due to the inclusion

of using all the test setpoints rather than limiting the dataset to 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 dnimodel defining parametesuch as number of layers, layer

order, optimizer type, randomization and initialization algorithms, @dll.remain the same.
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7 Results and Discussions

7.1 Mass Imbalance Invariant Data Model Results
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Figure42: Mass Imbalance Invariant ModeBefore and After Hyperparameter Tuning
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The pair of confusion matrices and receiver operating characteristic (ROC) curves found in Figure
42 demonstrate two models whose change in classification accuracy and degsepasétion
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 truecolour 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 ofrransformers vs IEMSPCA+SVM vs IEMSPCA+Clustering:
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Figure43: Classification Results from Three Model TYp&k

The initial results from testing of Experiment #1 shohigh degree of accuradg the test data.

In an AUC chart, the model has been measured to have an excellent measeacdbility of
0.97after hyperparameter tuningAlthough the IEMSPCA+SVM method has excellent training and
testing accuracy, the datatype used for that model wasiiant. The model was not able to
classify the data using SVM when the data was adjusted to being vafamlly, the
IEMSPCA+Clustering method shéeaure selection perforimgwell duringtraining, but was not
strong in the testing stagdt shows tha 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 withoutperational 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.

87



M.A.Sc. Thesis McMaster University
Jonahan Wong Department of Mechanical Engineering

7.2Rolling Element Bearing Variant Data Model Results

During the development of thifinal transformer model, all the testing istducted 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 vBrithrough testing and evaluation.

While improvinghe model, a specific fauhumberis chosen to be omitted from training. In this
case Fault #8s it was deemed to be the most difficult class to identify, therefore providing a good
indicator for generaperformance The datasets collected for that fault consistldfill sets that

were conducted owo different dayswith rest time between intraday testén Matlab, if the flag

to create a variation set is raised, thé& set of data will be turned intits own spreadsheet (csv
file). All fault conditions are input to the Transformers NN (including OEM bearing, totaling 9
conditions) for training. Thiastset of data from Fault #8 is omitted from training and is set as the

test dataset.

Choosing an Apppriate 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 1/1000or 10ms of dataHowever, here were concerns raised that this
segmentation length is too small for tleensors to capture an adequate amount of data during
certain positions of the electric machine motion. Keep in mind, at this moment in time, these
earliestversions 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 pré=FT applicationgontinuing, we attempt to adjusthe segment lengths to
match a sample time of 025 seconds, 0.05 seconds, and 0.1 sesowhen 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 anreor solvingbecause oflGPU/RAM resource constraintthe dape of

tensor used in attention mechanisgrewtoo large

1 (batch size, num_heads, [query vector], [key/value vector])
1 E.g (32,8, 4800, 480432, 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 (hnumber of heads) by mulsipplg 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 kiglality personal compute©On top of

that, the Softmax @inction inthe final dense layealsoincreases tensor of scores (logits_tensor)

by a considerableamount of memory. Therefore, we can deduce thalransformers, although

powerful for parallel computing of sequential data, it remains difficult to trainomy sequences.

0.0255

0.1 0.08333s

Error. Memery Constraints
Tensor Shape tao large
N/A

True label

@ u o W

0 1 2 3 4 5 6 7 8
Predicted label

Figure44: Classification Results on Different Segmentation Lengths
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Figure45: Comparing Power Spectrums of Different Segmentation Lengths

From there, we decided to go with a segmentdénof 0.8333 seconds as it represents 171t

the 48,000Hzsampling frequency of the sensdeature sequencef 4,00Q This was the decision
made after seeing the drastically greater improvements shown by the different model versions
carrying longer ad longer sequences, shown in Figue#e Bollowing a push to move into the
frequency domainas fault classifications of rolling element bearipgsduce signatures heavily
based on frequency, we observe a stronger signature using a longer duration desamgas

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 produbethby
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 completeffedint nature andin some load

conditionsnot able to replicatehe natural frequency of the motor or dynamometer. We learned:
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1 Ideally you want a fault signature to have a high amplitude and the segment length to
encompass the clearly indicated peakduencies (such as the case with channeig.3

9 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 datagath would be difficult
to detect.

1 The small variancesbween 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 lengtiethodology, we worked on manually testing different
combhnations 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-kegence, limigd dataset from

a number of sources.

1. Increasing Head Size
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. Moremory and computing power
are consumedmaking 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. Inaeasing Number of Heads
a. Better attentiveness to entire sequence. More heads allow for the model to
GO2YYdzyAOF (iS¢ 6AGK RAFFSNByYy(OH LI NLHa 27
contextual knowledge and complex pattern learning.
b. Increased computation and cqtexity. Similar to increasing head size, a larger

model with more parallel components equals to resountensive training.
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c. Improved generalization when balanced. More attention heads make the model

flexible todifferent types of input relationships up a certain limit beforeverfit.
3. Increasing Number of Transformer Blocks

a. Increased model capacity and depfdding more encoder/decoder blocks allow
the model to capture greater hierarchical patterns in the data which help with
tasks that require deg understanding or lon¢germ 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 numberlotks effectively multiplies

the total number of layers making the model grow in size quickly.

From this model version, we hati@alized the three critical values to 64 head size, 6 heads, and
8 blocks as listed in Table 10. Moreover, other hyperpararsetgsre adjusted at this period in
time such as the increasing of the number of MLP units, decreasing dropout percespadeng
normalization, adding class weighting for imbalanced dataskuffled training data order,

adjusted learning rateand increaing the training patience.

Data PreProcessing Changes

Initial thought process was that thiree 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 $iould 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.
9 All Data ChangisNormalizedby Computation of-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 hadle an increase to the vector size by a powe2“dfmes.

1 (batch size x num_heads x 4000 x 406Q(batch size x num_heads x 2000 x 2000)

92



M.A.Sc. Thesis McMaster University
Jonahan Wong Department of Mechanical Engineering

Training accuracy converges very fast to nearly 100% in approximately 5 epochs x 1 batch. This is
bad for increamg the generalization and learning of hidden features where the callbacks initiate

I aK2 NI & dA Y Sqaformiofearly dt@pdgéiaNcbnirofsioyeditting.

When the loss function hits a local minimum, it can plateau lagltbvethere are no more gains
to be had starting a counter to end trainingand pushing the program to enter evaluation
prematurely Increasing the patience parameter allofes the model to continue training for
much longer aftelfalsecconvergenceln doing so, the model iable to train on the datanore

frequently ¢ allowing it to learradditionalinformation from our limited datasets.
9 Patience parameter has been increased fron+3125.

The data has also been shuffled so that all classes are trainestha@mentally (bydult number)
and the weights are adjusted dynamically instead of biasing on the earlier cla&dikation

accuracy has increasexs a result othese changes.

One vs All Variation Test:

Combining multiple fault classes into one class (a binary clasisifigaoblem) 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 demds on the specific characteristics of your data and the nature of the faults

you are trying to classify.

Fault1-7: o 6

True label

Fault 8:

1

Predicted label

Figure46: One vs All Te§tonfusion Matrix
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The decision to use binary or mutfiass classification should be based onngpecific 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 acaitely, multiclass classification is likely the better choice.

Thisshort test shows that Transformersased architectures are able to wosltisfactorilywith
learning features from a number of classes and combining them into one clasot@erinvords
it has a widearray of capable representations to store in a single class whereas the other class can

be relatively simple; thegire able towork well in multiclass classification problems.

Downsamplindl ests

A series of tests were conducted in order fiod the best downsampling rate to reduce the
sequence lengthwithout losing granularity and allocate more memory space for fine tuning the
hyperparametersWith help from CMH lwe analyzed and determined onetbi primaryloading
conditions to focus on 6r 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 differenaeshe

varying downsampling rates.
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Figure47: Power Spectrums of Faults Downsampled by Ox/2xégxbottom)
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Looking at Figure? we can see howthe three sample fault conditions all show the same pattern
such that as you downsarte the original data (read tepottom), 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 yosaiople

the data.This process was conducted on the raw data before any of thpeessing techniques
were introduced. Comparing with the plots shown in Subchapter 5.3, it appears as though the
frequencies appearing around the 1800 Hz mark are condive to being the frequencies
generated by the faufithemselveslt also coincides with the values we expect out of the different

fault defect frequencies aheseloading conditions.

As a result, we will apply a light downsamplaf@xin orderto created 2 YS G KSI RNR 2 Y ¢
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 paranmstiead to an increase performance.

OEM vs AM Bearintess:

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 testieg of

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 discussé&thapter 6.

Figure 8 shows that when comparing just two classes of OEM vs AM bearings with all the updates
madeprior, we have a 98.33% chance to classify between the two classes correctly. Thigls a
more impressive figure that demonstrates how fiséormers can work extremely well given a
simple binary problem, but with very minute and nuanced differencdxtween thefactory
bearing and one made tihe samespecifications elsewher&igure 9 shows two versions of the
model that were tested on F#u#9 (top) and Fault # (bottom) when trained against all of the
other fault conditionsYou can compare how the model performs much better when all the other

classes arseparated by their own class rather than collectively in@re vs. All test.
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Figure49: Evaluation of OEM vs AM BeasrggMulticlass
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Note that these models are still being continually updated and were crediefdre 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
guestion posed to our research group when tasked by the Manufactitralowed us to figure

out if an electric machine has been tampered with or repairegrinate based on the signature
produced by the machindt can also prove whether or not an aftermarket manufacturer is
capable of creating a product that matchegtherformance requirements @E According to the
results, it can be stated that there is almost guaranteed certainty that the detection between
aftermarket @M) and OEM bearingsan be made anthat bearingsof different physical defects

can be differeniated easily notwithstanding lubrication levelKeep in mind, each sample is only

afraction of thesegmentandof the entire teston a single machine.

Noise Reduction Tests:

Striving to squeeze more classification accuracy out of our-o@aplete modelwe looked into
removingunwanted 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 spikesld be ideal A technique that
utilizes or results in smoothing would not be suitable as we waireserve sstrong frequency
component in the FFT.here were potential methods that could likelyhéeve this task such as
waveletbaseddenoising andilter-based denoising. We decided on using simple analog filters

such adow-pass filters and basic hard thresholdingich is described in Subchapter 5.2.

Using the same models as the OEM vs AM Beaddsts, we now add our noise reduction
techniques to see if they produce a favorable increase to classification accBoang. details on
the conditions for testingvariant Data, 48006z sampling rateFull range segmented into 2 parts,

Channels &, All M & Loads, optimized paramesger
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Figure50: Pre vs Post Thresholding Noise Reduction Tests

Tablell: Noise Reduction Effect on Classification Accuracy

Pre-Filter PostFilter Pre-Filter PostFilter
Training TrainingAccuracy
Accuracy
Model 96.86% 93.68% 82.50% 73.33%
39
Model 93.61% 95.95% 78.33% 75.00%
40

Difference

-9.17%

-3.33%

From the table above, results show that at even small values of thresholding remowésl cru

information that the Transformer model uses to classify faults correctly. This may be due to the

sequenceto-sequence nature of the model which requires smatiationsin value that the model

references to compare between samples that are extrentahg ¢ in our case, segment lengths

of 2400 features.
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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, currerttysteress, 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 keytfsdo 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 sensdEnsure that data from different sourcase

compatible and can be namingfully combinedby metrics such aanits.

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:

1 Sound channel produces frequees that are not from the system
1 Needs massive amounts of cleaning to reduce extra peaks from noise
1 Cannot reproduce same frequencies as what should be shown that are apparent in

accelerometers #1 and #2

As a result, we concluded thabatter execution fo combining different sensor data may lend

to the implementation of transfer learning whete/o 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 coelating 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 physicammena. After which, all the data is
scaled and normalized in the same manri¢aving 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 &counted for.
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Discussion of Power Spectrum Analysis and Loading Condition:

Figure51: Power Spectrum of All Faults @ ONm, 17000RPM Channel #3

This compilation of all the FFTs at the Maximum RPM setpoint is the best testnsdtpaine
majority of the faults in terms of differentiating the different frequencies that each fault condition
produces. It is evident from the pfgrocessing stage that the regions with clear peaks, namely
RFGFp 6ClLdzZ G | p0 ¢ A dakab [fFrdalS#6)IviiiRe yight WlueBquaré syrabdlf | Y R
that they occupy unigue 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 thedata 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 tetdct 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 gien 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. Adaliiipmner 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 theia or radial directions.
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