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ABSTRACT :

Electric motor bearing failures constitute one of the most frequent causes of unplanned indus-
trial downtime, yet how can industrial operators maintain absolute confidence in Al-driven diag-
nostic systems when electric motors constantly shift speeds and evolve over years of service?
While Deep learning has demonstrated significant potential in laboratory settings, most mod-
els remain “black boxes” validated on narrow, single-session datasets that fail to reflect the un-
predictable nature of real-world industrial environments.

This thesis bridges the gap between academic theory and industrial reliability by presenting a
robust machine learning framework for bearing fault diagnosis, validated against a four-
year longitudinal dataset (2022-2025), spanning from 0-1500 RPM. Moving beyond traditional
scalar thresholds, this study evaluates four supervised classification models and three anom-
aly detectors across 57 unique motor speeds using a rigorous Leave-One-Speed-Out (LOSO) pro-
tocol to ensure that every evaluation speed was unseen during training phase of Al models.

The experimental results show that traditional fault indicators like kurtosis and RMS fail to gen-
eralize across speed folds as a multi-scale Residual Raw CNN achieves a 99.81% binary and 98.47%
three-class accuracy. Furthermore, this work utilizes DeepSHAP attribution to “look inside”
these models providing the physical evidence that X-radial axis remains the primary diagnostic
indicator except at high-speed exceeding 1200 RPM. Among the unsupervised detectors, CNN
autoencoder delivered the most operationally balanced performance with a 92.89% detection
rate and only a 5.25% false alarm rate. Together these findings demonstrate that trustworthy, in-
terpretable, longitudinally stable and speed robust bearing health monitoring is achieva-
ble within the ABB Detect-Predict-Recommend operational framework.

KEYWORDS: (Bearing fault diagnosis, convolutional neural network, condition monitoring,
explainable Al, anomaly detection, predictive maintenance, variable-speed drives).
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1 Introduction

Electric motors are everywhere. They power manufacturing lines, pumps, fans, com-
pressors and any rotating machine. Nowadays it is hard to think of any production facility
without motors. When these machines break down, especially high priority assets unex-
pectedly everything stops. Production halts, maintenance engineers are called in. Every
hour of waiting translates directly into the company's financial loss. To avoid this type
of unexpected failures industries started scheduling maintenance at regular intervals.

However, scheduling maintenance has its own drawback.

® 0o oo

Preventive Predictive

Maintenance i
Reactive LEMTEREED loT + Al

Maintenance Maintenance
- Scheduled servicing - o Sensors+ MLmodels -

Reduces sudden failure
O FCE A ED) ® Forecast before failure  Conmected sonsors

Can over-maintain
o Unplanned downtime © ABB Smart Sensor © Reaktime edge ML

@ Highest cost © Autonomous decision

Industry 3.0
— Industry 4.0

Industry 1.0~ 2.0 Industry 4.0 - 5.0

Figure 1. Industry Maintenance evolution from industry 1.0 to 5.0 (Sanakkayala et al.,
2022).

Figure 1 represents the four-stage progression of Industrial maintenance across indus-
trial revolution from 1.0 to 5.0. During the earliest manufacturing era, that is Industry
1.0 to 2.0 maintenance was entirely reactive. This process leads to unplanned downtime.
Motors simply run until they fail and then engineers are called to fix these machines.
Industry 3.0 approach is a preventive maintenance. This approach reduces catastrophic
failures, but it has own inefficiencies. Machines were often serviced when they did not

need it, which was wasting labor resources and time.
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Industry 4.0 marked as a fundamental shift as embedded sensors, digital communication
networks and machine learning algorithms. The key advantage is monitoring the motor
condition continuously. The main advantage is it also predicts machine failure before
they occur. Predictive maintenance heavily depends on loT sensors, data storage and
digitalization. Industry estimates suggest that Al driven predictive maintenance can de-
crease the maintenance cost by 10-40%. It also reduces time by 50% which in turn ex-
tends equipment life by 20-40% (Dilda et al., 2017). The industry 4.0 system continuously
collects data from each motor. It triggers alert when there is an abnormality that is de-
tected. It allows engineers to intervene before a catastrophic failure occurs. This data
allows engineers and experts to pinpoint the exact reason for failure and precisely de-
code what, where and the cause of the failure. This becomes very powerful for large

industrial fleets.

When hundreds of motors are operating simultaneously each carries unique Identity
numbers and a faulty motor is easily located instantly without the manual inspection of
every unit. The data is stored digitally so the customers can monitor their entire fleet
remotely from a mobile phone or laptop. Scaling up this type of system is very easy and

covers more motors as industry expands. It just requires software updates.

Declining sensor prices, growing adaptation of cloud-edge architectures and industry
digitization collectively helped in the acceleration of Industry 4.0 development. Accord-
ing to Mordor Intelligence (2026), the predictive maintenance market was valued at
14.09 billion in 2025, and it is estimated to grow from 18.9 billion USD in 2026 to 82.17
billion by 2031 at CAGR of 34.41 percentage. Advancements in Al, especially Agentic Al,
suggest that enterprise industries shift from Industry 4.0 to 5.0 Integrating real time Al

inference with autonomous decision making and the human expert at supervisory level.
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1.1 ABB Company Oy and the Industrial Context

The client of this research thesis is ABB Oy IEC Low Voltage motors. ABB is a global tech-
nology leader in automation and electrification and stands for sustainable and sufficient
resource future (Sustainability | ABB, 2025) according to ABB’s own global sur-
vey 2023 of over 3200 plant maintenance leaders found that unplanned downtime costs
(ABB,2023). The financial results of industrial equipment failure are 125,000 USD
per hour and raised to 170,000 per hour (ABB Ability Digital Powertrain Enabling Hard-
ware, 2026). The ABB is already in industry 4.0 predictive maintenance infrastruc-
ture. With ABB Ability Digital power train Condition monitoring of rotating equipment

fitted with ABB Ability Smart Sensors.

A
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Figure 2. ABB Ability Smart Sensor.
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Figure 2 to is the ABB Ability Smart Sensor is a condition monitoring device designed to
track the health and performance of rotating machines. It monitors the electric ma-
chines such as motors, pumps, and fans. The main advantage of this type of solution is
that it removes the need for manual inspections. Without interrupting normal opera-

tions, users can monitor motor heath condition.

For motors specifically the sensor keeps track of a wide range of health indicators. These

can be grouped into two categories:

Health indicators:
e Overall condition score
e Vibration velocity
e Bearing condition

e Skin temperature

Operating parameters:
e 3-axis vibration
e Rotational speed in RPM
e Total running time

e Supply frequency and output power

The data collected by the sensors sent to the cloud for further processing and analysis.

One of the examples of this ABB condition monitoring services saved the Mokra cement
plant up to 210K USD and increased its operational efficiency (ABB, 2021). ABB organ-
izes its predictive maintenance around a 3-stage operational framework: Detect, Predict
and Recommend (ABB Ability Digital Powertrain Enabling Hardware, 2026). In the Detect
stage the data is collected securely and analyzed to capture the early deviations from
the motor normal behavior. The predict stage applies advanced analytics to identify the
failure risks and classify the severity. The Recommend stage provides guidance to

maintenance team to act before the occurrence of downtime. ABB condition monitoring
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has a digital platform which is a self-service platform that provides a real time dash-
board which shows the motor health condition and analytics powered alerts. The data
is collected securely and stored in cloud platforms or can be on edge device to cus-
tomer’s in-house storage system whichis depending on the customers’ preference.
This ABB’s operational framework is the main motivation of the machine learning sys-

tem developed in this thesis.

1.2 Research Problem:

The main faults of electrical machines are Electrical and Mechanical faults. In electrical
faults they have unbalanced voltage or currents, earth faults, die electric and inter turn
short circuits. In mechanical faults mainly has Gear box faults, Rotor bar damage, Air-
gap eccentricity, stator winding damage, misaligned shaft, unbalanced rotor and Bear-
ing faults. In this critical motor infrastructure rolling element bearing as the most fail-
ure component. Bearing faults are the most common causes of unplanned stoppages of
all rotating machines, accounting for approximately 40-50% (Randall & Antoni, 2011; Ti-
boni et al., 2022). The IEEE reports states that approximately 42% of all induction motor
failures are due to bearing faults (Albrecht et al., 1986). The downstream consequences

are very severe when the bearing fails without warning.

Bearing degradation follows a progressive trajectory as healthy bearings exhibit broad-
band vibration caused by normal motor rotor dynamics, lightly damaged bearings intro-
duce a periodic impulse at defect characteristic frequencies which were initially buried
in background noise. Heavily damaged bearings produce a strong clearly visible im-

pulse signature.

The industry’s practical answer to bearing failure risk has been deployment of sensors
on motor to do condition monitoring. Devices such as the ABB smart sensor attached to
motor capture main multi parameter data streams. In practice, however most deployed
analytics pipelines reduce these vibration signals to handful of scalar statistics flagging

alerts only when an RMS or when kurtosis exceeds a fixed ceiling. Such threshold-
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based rules can confirm that vibration is elevated but cannot adapt to variable operating

speeds and offer no explanation for their decisions (Randall & Antoni, 2011).

However, the existing research has three important key gaps that prevent monitoring
systems from reaching their full potential. First, virtually all published fault diagno-
sis is validated on single session benchmark datasets with a narrow speed range: The
most popular and benchmark dataset from Case Western Reserve University (CWRU) da-
taset spans only 4 speeds across the 67 RPM speed range. The Paderborn dataset applies
a fixed load protocol and the MFPT bearing dataset covers 4 operating conditions (Lo-
paro, 2012). In real factory environment motors do not run at one speed. The mo-
tors speed up and slow down and useful Al models must be able to diagnose a fault at
1500 RPM even if it was only trained on data from 1000 RPM which is called generaliza-
tion. Uniquely, this thesis has a 4-year longitudinal dataset collected from the same phys-
ical ABB test bed spanning from 2022 to 2025. Second, based on the literature review of
this thesis as no prior study has evaluated bearing fault diagnosis models on multi-
year longitudinal data from a real industrial testbed leaving unanswered the question of
how model performance evolves as cumulative bearing wear, temperature drift and en-
vironmental variation over time. Third, the relative diagnostic contribution of the three
accelerometer axes radial X, axial Y and radial Z as a function of rotational speed has not
been systematically characterized using attribution methods making it impossible to

guide feature selection decisions from empirical evidence.

1.2.1 Data driven approaches to Bearing faults diagnosis:

Machine learning and deep learning approaches have shown considerable promise in
bearing faults diagnosis precisely because they can extract complex nonlinear pat-
terns directly from vibration signals which does not require manual feature engineer-
ing. The authors Randall and Antoni state that Conventional neural networks operat-
ing on raw waveforms or frequency spectra, random forest classifiers trained on engi-
neering FFT features and ensemble methods combining representations have strong

classification accuracy in controlled laboratory environment. These data driven models
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offer a clear advance over scalar threshold rules capturing damage related temporal pat-

terns and spectral structures that amplitude statistics cannot encode.

Despite these advance algorithms several limitations constrain the real-world reliability
of purely data driven models. As noted in section 1.2, most benchmark datasets cover
only a narrow range of operating speeds meaning published accuracy figures do not re-
flect how a model will perform at speeds it was never trained on. Furthermore, scalar
feature representations such as kurtosis which measures impulses or the heaviness of
the tails of a probability distribution which is widely reported in the literature have been
shown empirically to fail at consistent faulty severity discrimination across a broad speed
range and their inclusion in classification pipelines without validation under such condi-

tion’s risks overstating diagnostic capability.

A further limitation is the black-box nature of deep learning. Even when a CNN achieves
high average accuracy it provides no inherent explanation of which signal features or fre-
guency bands resulted in a particular health state prediction. In safety and relia-
ble maintenance settings this lack of interpretability erodes operator and customer trust
and makes it difficult to audit model behavior when operating conditions shift. Address-
ing interpretability is therefore not optional enhancement but a prerequisite for respon-

sible deployment of data driven bearing diagnostics in industrial environments.

1.2.2 Explainability and longitudinal validation:

This thesis addresses this problem by implementing explainable artificial intelligence
which offers a principled route to overcoming the interpretability barrier in bear-
ing fault diagnosis. Attribution methods such as DeepSHAP compute feature level im-
portance feature level importance scores that reveal which parts of the input specific
frequency bands, time domain segments or individual accelerometer axes are most re-

sponsible for a model’s classification decision (Lundberg & Lee, 2017).Applied to CNN



18

architecture trained on vibration data these tools can translate an deep learning model

into an auditable diagnostic instrument.

This thesis has the availability of longitude vibration dataset spanning multiple record-
ing years on the same testbed opens a further methodological opportunity that single
session benchmark studies cannot address. Training and evaluating models on data col-
lected from 2022 to 2025 across 57 unique rotational speed points allow assess-
ment of how classifier performance evolves as environmental variation, temperature
drift and cumulative bearing wear over time. Leave One Speed Out cross validation
which withholds an entire speed fold from training provides a substantially more realistic
measure of generalization than conventional random train test splits directly simulating
the deployment scenario in which a model encounters speeds it has never seen during

training.

The connection between this research and ABB Digital framework is direct. The ABB Dig-
ital Platform organizes its predictive maintenance offering around the 3 stage Detect-
Predict —-Recommend pipeline (ABB Ability Digital Powertrain Enabling Hardware,2026).
The framework’s structure maps directly onto the machine learning pipeline developed
in this research work is unsupervised anomaly detection fulfils the Detect stage by flag-
ging the deviations from bearing healthy state behavior. Supervised severity classifica-
tion fulfils the Predict stage by characterizing the degree of damage. A confidence
threshold reaction option returning an Unknow or Inspection decision when the infer-
ence model falls beyond 0.80 which fulfils Recommend state by communicating uncer-
tainty rather than forcing a potentially erroneous diagnosis onto maintenance engi-

neers.

Together explainability methods, longitudinal data validation and integration within an
industrially grounded framework represent a coherent opportunity to move bearing
health monitoring beyond threshold rules. This shift points towards genuinely trustwor-

thy and deployment ready intelligence models.
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1.3 Research Questions

The research is structured around four questions that together address the identified

gaps in the bearing fault diagnosis literature:

RQ1: Which feature representation gives the most reliable and accurate bearing

damage classification across a full 0-1500 RPM operational speed range?

e RQ2: Can a deep learning model trained on raw vibrational signals generalize to

motor speeds it has never seen during training?

e RQ3: Do the three sensor axes contribute equally to bearing fault detection and

does their contribution change at different motor speed?

e RQ4: Can a faulty detection system train only on healthy bearing data relia-

bly identify damage across all motor speeds?

1.4 Research Objectives

Objective 1:  Compare three different  ways of representing vibration data fre-

guency spectra, raw waveforms and scalar statistics to find out which one gives the most
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reliable results for classifying bearing damage severity across the full motor speed

range.

Objective 2: Build and test a deep learning model that works directly on raw vibration
signals from all 3 sensor axes and compare its performance against simpler frequency-

based classifier to see which one handles unseen motor speeds better.

Objective 3: Use Explainable Al algorithms to look inside the trained models and under-
stand which of the sensor axes radial X, axial Y or radial Z is most important for detect-
ing bearing damage and whether these changes depending on how fast the motor is

spinning.

Objective 4: Build three different anomaly detection models that are trained only on
healthy bearing data and examine how well each one detects bearing faults across the

full motor speed.

1.5 Scope and Limitations:

The scope is specifically confined to developing and evaluating machine learning and
deep learning models for bearing health classification. Currently, temperature and
acoustic monitoring methods are not considered in this research study. The focus of this
work is on understanding how much good information can be extracted from sen-

sor data alone.

The following are the limitations of the thesis:

e Single fault mechanism: All experimental data comes from one specific fault in-
duction method that is metallic dust contamination. This gives a clean and con-
trolled environment to label the data.

e Dataset asymmetries: The longitudinal dataset contains temporal and

speed range asymmetries between recording sessions. Due to the nature
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of long-term experimental data collection which is not possible to have a per-
fect balance data for every recording across years.

e Low-speed windowing limitation: There is also a physical limitation with the 300-
sample windowing strategy at a 1660 Hz sampling rate. No model can extract
meaningful information rotational features from a window that does not con-
tain full rotation. This affects model reliability at low operating speeds.

e Data confidentiality: Finally, in accordance with the data governance framework
agreed with ABB Oy. This study is limited to presenting class-level statistical ag-

gregates instead of Dataset.

1.6 Thesis Structure:

The Thesis is organized into 6 chapters. Chapter 1 covers the industrial background, the
research problem and the research questions and objectives. Chapter 2 deals with the
relevant literature including bearing fault signal analysis, machine learning and deep
learning approaches for fault classification, the variable-speed generalization problem,
explainable Al methods and unsupervised anomaly detection. Chapter 3 explains the
methodology, the experimental testbed, the dataset, the preprocessing pipeline, feature
extraction, model architecture and the evaluation protocol. Chapter 4 presents the re-
sults for all the supervised classification and anomaly detection models. Chapter 5 dis-
cusses results of the research questions and situates them within the broader literature.

Finally, Chapter 6 discusses the conclusion and suggests directions for future work.
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2 Literature review

This chapter reviews the existing literature that forms the foundation of this thesis as
follows:

1 Bearing fault mechanisms and classical signal analysis methods.

2 Machine learning and deep learning approaches for bearing fault classification.

3 Variable-speed generalization challenges.

4 Explainable Al for bearing fault diagnosis.5 unsupervised anomaly detection for motor
health monitoring.

6 identified research gaps that this thesis directly addresses.

2.1 Bearing Fault and Signal Analysis:

Bearings are one of the most frequently failing components in any rotating machine.
When a bearing starts to develop a fault, it does not just break suddenly. It leaves behind
patterns in the vibration signal first. The way this works is that when a small defect on
the surface of a rolling element or raceway passes through the loaded zone, it will cre-
ate a short sharp impact. That impact repeats itself at a specific rate depending on two
main things. First, the geometry of the bearing itself and second according to authors

McFadden & Smith, 1984, How fast the motor shaft is spinning.

That is why, if the bearing geometry is already known we can calculate exactly which
frequencies to look for. The most important characteristic defect frequencies are the fol-

lowing:

1. Ball Pass Frequency Outer Race (BPFO). It tells us if the fault is on the outer race-
way

2. Ball Pass Frequency Inner Race (BPFI). It tells us if the fault is on the inner race-
way

3. Fundamental Train Frequency (FTF). It is related to the cage rotation

4. Ball Spin Frequency (BSF). It is related to the rolling element itself
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Each one of them tells us something different about where the fault might come from.
The idea is very simple that just track these frequencies in the vibration spectrum and

see which ones show stronger than they should.

Back in 1984, the authors McFadden and Smith were among the first to properly de-
scribe this kind of frequency domain thinking. Later, the research authors Randall and
Antoni (2011) expanded on it and their work became pretty much the go to reference in

this area. This foundation is important because:

o Traditional expert-based rule systems rely on it to set fault thresholds

e Modern machine learning approaches use it to label and interpret features

Both depend on understanding what normal fault looks like first before anything unu-
sual pattern can be spotted. There are some classical signal processing methods that
have been widely used for bearing fault detection.

Two of the most important ones are:

1. Spectral Kurtosis: It basically measures how impulse a signal is in the frequency
domain. The idea is that a healthy bearing produces a relatively smooth sig-
nal and while a faulty one creates sharp impacts that show up clearly.

2. Envelope Analysis: This works differently. Instead of looking at the raw signal, it
demodulates the high-frequency part of the signal. That way, it can recover the

low-frequency repetition pattern that tells us something is wrong.

Both methods have been around for a long time and are considered reliable starting
points for bearing diagnosis. Randall and Antoni (2011) showed that kurtosis is one of

the best indicators for catching early-stage faults. That is why it became so popular.
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However, there is a problem with kurtosis that is important to mention:

e It works well when the fault is still small and localized just like a single pit on the
raceway.

e But as the damage spreads and becomes more distributed across the surface.
The signal stops being impulse and becomes more broadband.

e When that happens, the kurtosis starts dropping. Sometimes significantly mak-

ing it much harder to detect the fault.

That is exactly what it was also noticed in this thesis results. Under LOSO evaluation
across 57 folds, the kurtosis did not achieve reliable results. This directly confirms what
Randall and Antoni (2011) warned that a single scalar impulse statistic simply cannot dis-
criminate between different levels of contamination type fault severity, especially when

the shaft speed is also changing. (Randall & Antoni, 2011).

2.2 Machine Learning for Bearing Fault Classification:

In 2012 the Case Western Reserve University (CWRU) bearing dataset was made publicly
available by the author Loparo (2012). Because of this public dataset the research really
started to move fast in terms of machine learning applications for bearing fault diagnosis.
Researchers started applying different methods to this benchmark dataset and the re-

sults were promising. Some of the early approaches included:

e Support Vector Machines (SVM): This model uses hand crafted time-domain and
frequency-domain features, and these models managed to achieve classification
accuracy typically in the range from 88-93% on the CWRU benchmark which is

depending on the feature extraction process employed dataset (Lei et al., 2020).
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e Lei et al. (2009) proposed a fault classification method that combined wavelet
packet transform, empirical mode decomposition and a radial basis function net-
work. The method was applied to mechanical fault diagnosis. The results demon-
strated that feature-based approaches could reliably distinguish between differ-
ent fault states.

e Random Forest: This model brought further improvements because it naturally
handles high-dimensional feature spaces without needing strict assumptions

about data distribution (Breiman, 2001).

However, both classical approaches share the same fundamental problem. The fea-
tures must be defined manually by someone which is expert in this field and who al-
ready understands the machine. That means if the machine configuration
changes and the features might not capture the right fault signatures anymore. That is

why researchers started looking for something better.

Deep learning offered a solution to this. Instead of relying on hand crafted features, deep
learning models learn useful representations directly from the raw data. The authors
Zhang et al. (2017) states that a 1D convolutional neural network operating directly on
raw vibration waveforms could match or even beat traditional machine learning models
like SVM with engineered features all without any manual feature extraction. Around the
same time, Ince et al. (2016) applied a similar 1D-CNN approach to motor current signals.
The authors stated that models could learn temporal filters that captured bearing fault

signature.

More recently, researchers have moved towards multi scale architecture. The idea be-
hind these is straightforward:
e Instead of looking at the signal at only one resolution if processes the data at
multiple temporal scales.

e This gives the model a more complete picture of what is happening in the signal.
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This is one of the main motivations behind the multi-scale residual architecture that is

developed later in this thesis.

2.3 The Variable Speed Generalization:

Generalization to variable speed is a major limitation of models trained and tested at
single speed, yet this issue receives limited attention in the bearing fault diagnosis liter-
ature. Most research studies only evaluate their models at a single speed or within a very
narrow speed range. A good example is the CWRU dataset, the most widely used bench-
mark in this field, which is collected at only four discrete speeds. A model trained and
tested on this dataset is never required to classify a bearing fault at a speed it has not
previously seen a requirement that routinely arises in in real-world applications, espe-
cially when the motor is connected to a variable-speed drive. The physical reason behind
this problem is that a model that has learned to associate a fixed frequency pattern with

a fault class will simply fail at any speed that was not in its training data.

In this thesis, speed conditioning was chosen for all classifiers. This makes it easier for
the model to make sense of what it is seeing. More recently, the research authors Zhong
et al. (2023) and Saha et al. (2024) proposed transfer learning methods to tackle the
cross-speed generalization problem. These are interesting approaches, but they still re-
quire some overlap between the training and test speed distributions. That means they

are not truly testing the model at a completely unseen speed.

That is exactly where the Leave-One-Speed-Out (LOSO) protocol used in this thesis is

different and stricter:

e Each fold completely withholds one speed point that was never seen dur-
ing training phase.
e The model is then evaluated at a genuinely novel operating condition.

e This is repeated across 57 speed folds in total.
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Speed generalization evaluation reported in the bearing fault diagnosis literature.

2.4 Explainable Al for Bearing Fault Diagnosis:

Nowadays, deep learning models are being used in industrial applications where the
stakes are high That is why interpretability has become a serious concern. The problem
is simple that a model that achieves high accuracy is good, but it cannot explain why it
made a certain decision is very hard to trust. Maintenance engineers cannot just accept
a black box answer without understanding what is behind it. That is why there has been
growing interest in explainability methods for bearing fault diagnosis.

One of the most well-known frameworks for this is SHAP. It was introduced by the au-
thor Lundberg and Lee (2017) and the idea behind it comes from cooperative game the-

ory. The way it works is as follows:

e Each input feature gets assigned an attribution value.

e That value tells us how much that specific feature contributed to the model's
prediction

e Features with higher attribution had more influence on the final classification

decision.

Several studies have applied SHAP-based attribution to bearing fault diagnosis. The au-
thors Sanakkayala et al. (2022) applied explainability methods to bearing prognosis using
deep learning. These studies typically apply attribution to a single architecture at a fixed
operating speed. DeepSHAP is a specialized variant of this framework designed to lever-
age the internal structure to compute attribution more efficiently. Based on the litera-
ture review of this thesis no prior study has performed a cross-architecture DeepSHAP
comparison across different speed points. This thesis used DeepSHAP which is applied
to two CNN models that is a raw waveform CNN and an FFT-based CNN at 10 represen-

tation speed folds enabling a cross-architecture comparison.
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2.5 Unsupervised Anomaly Detection for Motor Health Monitoring:

One of the biggest practical problems with most fault detection approaches is that
they require labelled fault data for training. In real industrial settings this is often not
available. Motors are usually expected to run in a healthy condition for long peri-
ods which means fault examples are rare or maybe the data is not collected. That is why
unsupervised anomaly detection has become an attractive alternative and it only needs
normal-condition data to train and then flags anything that looks different as a potential

fault.

The most important research paper approach for doing this is the autoencoder. Back in
2014, The authors Sakurada and Yairi (2014) demonstrated that an autoencoder trained

only on normal data could be used for anomaly detection.

The idea behind it is as follows:

e The autoencoder learns to reconstruct normal patterns well.
e When a faulty or unusual sample is passed through it the autoencoders
model reconstruction error is much higher.

e That reconstruction error becomes the anomaly score.

This approach has since been validated on motor vibration data by several research-
ers. The authors Principi et al. (2019) applied it to motor signals. Another approach that
works quite differently is Isolation Forest which was introduced by the author Liu et al.
(2008). Instead of learning to reconstruct data it works by randomly partitioning the fea-

ture space.

The core logic of this model is as follows:
e Normal data points are densely packed together and take many partitions to iso-
late.

e Anomalies sit in sparse regions and get isolated much faster.
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e Points that are isolated quickly through shorter paths and they will receive

higher anomaly scores.

The advantage of this approach is that it does not require any distance or density calcu-
lation. Based on the literature review of this thesis, no prior study has evaluated different
autoencoder approaches on the same variable-speed dataset, making direct perfor-
mance comparison impossible from existing literature. So, in this thesis, 3 anomaly de-
tectors are evaluated on the same dataset and speed folds: Isolation Forest, FT Autoen-
coder and CNN Autoencoder. Based on the literature reviewed, this is the first direct
comparison of these types of anomaly detectors for bearing condition monitoring across

a wide variable-speed range. (Liu et al., 2008 and Sakurada & Yairi, 2014).

2.6 Identified Research Gaps:

Based on the reviewed literature, four major gaps were identified. They represent ar-
eas where existing research has not sufficiently addressed real-world operating condi-

tions, particularly variable-speed conditions.

The four gaps are as follows:

Gap 1. LOSO evaluation at scale: Leave-One-Speed-Out evaluation across a wide speed
range is the one of the important protocols that actually proves whether a model
can generalize to unseen speeds. However, based on the literature reviewed, no prior
fault diagnosis study has ever been applied at a scale of 57 unique speed. Most existing
work either tests at a single speed or uses a very narrow range, which does not reflect

real variable speed operating conditions.

Gap 2. Longitudinal validation: Based on the literature reviewed, no prior study validated
spanning multiple recording years from the same physical testbed. This is important be-

cause real machines change over time through environmental variations, temperature
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drift and cumulative wear and tear. A model validated on one session cannot account for

these effects.

Gap 3. DeepSHAP comparison: Several studies have applied SHAP based attribution
methods to individual bearing fault diagnosis. However, based on the literature reviewed
prior study applied DeepSHAP and a direct comparison across architecturally different
CNN models at multiple speed points. This is important because different architectures
have different inductive biases and it is not yet clear how that affects what features they

pay attention to.

Gap 4. Anomaly detector comparison:

Finally, In the bearing fault diagnosis literature reviewed, reconstruction based and iso-
lation-based anomaly detectors have never been evaluated on the same variable speed
dataset. Studies tend to pick one approach and test it in isolation as it makes it very
hard to draw meaningful conclusions about which detector type is best suited to variable

speed operating conditions.

This thesis was designed to address all these four gaps.
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3 Methodology

This section focuses on experiment testbed, data collection, preprocessing pipeline ap-
plied to raw vibrational signals, the feature representation, the supervised classifications
developed, the interpretability methods and the unsupervised anomaly detection mod-

els. The process of evaluation is also explained in detail.

3.1 Data collection

The data used in this study was collected from the ABB Research center Switzerland a
health motor monitoring research project described by Goyal et al. (2022).The testbed
has three ABB M3AA asynchronous 3-phase induction motors rated at 2.2 kw, 400V each
representing a distinct bearing health state that was established and maintained
throughout the four years of data collection. The motor is powered by a standard 3-
phase AC supply, and its speed is regulated by an ABB ACS355 Variable Speed Drive (VSD)
which allows precise control of the motor operating conditions during data collection.
Bearing faults were physically induced by introducing controlled amount of metallic dust

into motor load side bearing which produces three distinct health states.

e Motor 1 operates with an undamaged drive end bearing designated as a
Healthy class.

e Motor 2 operates with a lightly contaminated bearing produced by adding 0.2g
of metallic dust particles into the front bearing before sealing which was desig-
nated as Lightly Damaged class.

e Motor 3 operates with a highly contaminated bearing produced by the same
method but with 1g of dust contamination and designated as Heavily Damaged
class. This controlled protocol ensures that class labels are deterministic and

free from label noise.
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(b) Accelerometer mounted on the

(a) Controlled bearing damages side of the motor and interfaced to
by adding measured quantities of a Nordic nRF5340 development
hardened metallic dust into the board

front motor bearing

Figure 3.Test bed of Motor fault prediction (Goyal et al. (2022), p.3).

Figure 3 is Experimental testbed showing the 3 ABB M3AA motors with sensor placement
at the motor terminal block. Vibration data were recorded using a sensor mounted on
the motor terminal block. The X-axis and Z-axis measure radial vibration in two orthogo-
nal directions which were perpendicular to the shaft. The Y-axis measures axial vibration
parallel to the shaft. The sensor placement at the motor terminal block was selected
to maximize signal to noise ratio for bearing fault signatures consistent with estab-

lished in vibration-based bearing health monitoring (Ayankoso et al., 2024).

3.1.1 Longitudinal Data Structure

Data was collected and saved across four years spanning from 2022 to 2025. The consol-
idated motor vibration dataset is used in this research work consists of six primary col-
umns which are floating point variables X, Y and Z representing physical sensor readings
and three integer-based columns for motor type, operational speed, timestamp and the
collection year. The 2025 data collection was conducted through a personal visit to the
ABB Research center in Switzerland. This visit allowed access to the experimental testbed.
The data is distributed across three distinctive motor types based on the health of bear-
ing Motorl, Motor2 and Motor 3 which totaled 21 million rows with operational speeds

varying from 0 to 1500 and 57 unique speeds. The four-year temporal structure of this
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dataset is unique in the bearing fault diagnosis literature, and all existing public bench-

marks are single session collections.

The ten representative speeds reported in this study are drawn from all four recording
years. The year 2022 contributes 50, 500, 800, and 1500 RPM. The year 2023 contributes
535, 994, and 1500 RPM. The year 2024 contributes 600, 900, 1200, and 1500 RPM and
the year 2025 contributes 50 and 100 RPM. The speed 1500 RPM appears across three
consecutive years making it the primary reference point for longitudinal stability com-
parison. In contrast, the irregular-interval speeds 535 and 994 RPM appear in a single
year only. These speeds serve as pure generalization stress-test points, with no temporal
averaging available to support the model. This makes the models’ evaluation more real-
istic and more representative of the challenges that would be encountered in a real in-

dustrial setting.

3.1.2 Class Balance and Label Assignment:

Labels were assigned based on the known physical state of each motor at the time of
data collection. The healthy motor is labelled as 0, Lightly damaged motor as 1 and heav-
ily damaged motor as 2. This deterministic labelling eliminates label noise and across all
recorded years each motor contributes approximately 33 percent of the total row count

with each recording session providing three class balance at approximately 1:1:1.

3.1.3 Data Governance and Ethics:

The vibration data were collected within the ABB research infrastructure which oper-
ates under the data residency and privacy governance framework. In accordance
with the ABB data governance agreement and this thesis does not reproduce raw vibra-
tional signal data in any form and does not disclose any operational data and presents

all results as class level statistical aggregates. All model performance metrics reported in
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the following chapters are computed over class level predictions and do not expose in-
dividual samples or time stamps of the raw data. The author of this thesis has agreed to

confidentiality terms of ABB Oy.

3.2 Data Preprocessing

The vibration signals were subjected to a preprocessing pipeline before any feature ex-
traction or model training must be performed. This pipeline is designed to remove DC
offset, standardize the representation of signals collected across four recording years
and 57 rotational speeds, and reduce spectral leakage during frequency-domain analy-
sis. Section 3.2.1 provides an overview of the pipeline structure Section 3.2.2 through
3.2.7 describes each processing step in detail including time-domain segmentation,
Hanning windowing. DC offset removal, FFT feature extraction, global Z-score normali-

zation and stratified class alignment sampling.

3.2.1 Preprocessing Pipeline Overview

A preprocessing pipeline was applied to all raw vibration data before feature extraction
or model training. The same pipeline was applied identically across all four recording
years and all 57 LOSO folds. The preprocessing consists of 6 sequential stages applied to
vibration data:
1. Time-domain segmentation
Hanning Windowing
DC offset removal

2
3
4. Feature extraction
5. Global Z-score normalization
6

Stratified class aligned sampling

Each stage is described in detail in Sections 3.2.2 to 3.2.7.
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3.2.2 Time-Domain Segmentation:

Raw vibration data was segmented into non overlapping windows of 300 samples corre-
sponding to 180.7 milliseconds at 1660 Hz. This window length balances two competing
requirements that is sufficient duration to capture multiple fault impulse cycles at mid-
to-high speeds while keeping the FFT frequency resolution and computational cost trac-
table. For example, at 1500 RPM a 300-sample window captures 4.52 shaft rotations ap-
proximately and at 100 RPM it captures 0.30 rotations. The number of rotations cap-

tured per window is the primary determinant of classification reliability at low speeds.
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Time-Domain Vibration Signals — 1-Second Window
Year: 2022 | Speed: 800 RPM | fs = 1660 Hz | Window length: 1.000 s | N = 1660 samples

Motor Class= Healthy (0 mg) — Lightly Damaged (250 mg) — Heavily Damaged (1000 mg)
X-axis (Gravitational) X-axis (Gravitational) X-axis (Gravitational)
Healthy (0 mg) @ 800 RPM Lighty Damaged (250 mg) @ 800 RPM Heaviy Damaged (1000 mg) @ 800 RPM
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Figure 4. Time domain vibration signals at speed 800.

Figure 4 illustrates that class differences green color is healthy motor, orange color is
lightly damaged and red color is strongly damaged motor. The Y axis where healthy mo-
tor producesa clean low amplitude sinusoidal pattern in contrast to high fre-
quency noise of both lightly and severely damaged motors. The difference is visually ap-

parent.
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3.2.3 DC Offset Removal:

The arithmetic-mean was subtracted from each window independently before apply-
ing any spectral transformation. This DC offset removal eliminates the static grav-
ity component which appears as a non-zero mean in the acceleration signal which is due
to the orientation of the sensor relative to the gravitational field as well as to elimi-

nate any sensor bias.

3.2.4 Hanning Window Application

Prior to FFT computation each window was multiplied element wise by a Hanning win-
dow function of the same length. The Hanning window is a smooth taper that reduces

spectral leakage.

3.2.5 Frequency-Domain Feature Extraction

The real valued FFT was applied to each windowed segment per axis producing 151 com-
plex frequency bins spanning 0 Hz to 830 Hz. The DC bin at index zero was excluded from
feature vector and bins 1 through 150 were retained providing a frequency resolution of
5.53 Hz per bin and a coverage range of 5.53 Hz to 829.7 Hz. FFT magnitudes were scaled
by 2/N, where N is the window length, to convert from raw transform units to physical

acceleration in units of enabling physically interpretable amplitude values.

The FFT magnitude spectra from all 3 axes were concatenated into a single 450-dimen-
sional feature vector which means 150*3 axes. Rotational speed was appended as a sca-
lar conditioning variable producing a final 451-dimensional input vector for the classifi-
ers. This speed conditioning variable allows the classifier to contextualize the spectral
representation relative to the know operating speed. It is enabling to distinguish spec-
tral peaks that are speed dependent mechanical resonances from those that scale the

bearing defect frequencies.
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3.2.6 Global Z-score Normalization

Global Z-score normalization was applied to standardize the FFT feature vectors prior to
model training. The normalization parameters mean and standard deviation were com-
puted exclusively from the training windows of each LOSO fold and the same parameters
were then applied identically to the corresponding validation and test windows. This fold
of local normalization prevents the amplitude statistics of held out speed points from
contaminating the normalization parameters which would constitute a form of data

leakage.

3.2.7 Pre-Training Class Alignment via Stratified Sampling:

To ensure that the model was not dominated by any year's data collection a stratified
sampling strategy was implemented during training data preparation. Equal numbers of
windows were sampled from each recording year, and the natural class balance of ap-
proximately 33 per cent per class was preserved within each year stratum. For binary
class normalization task an initial 1:2 Healthy to light plus heavily unhealthy ration was
evaluated. This was found to be systematically bias the binary decision boundary to ma-

jority class.

To rectify this strict 1:1 binary subsampling protocol was implemented. This protocol
draws equal numbers of samples for the Healthy that is class 0 and the merged unhealthy
that is class 1 and class 2 targets. This process ensures that the loss function is equally
sensitive to both healthy and damaged states. All binary classification results reported

in Chapter 4 use the strict 1:1 subsampling protocol.
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3.3 Feature Analysis:

Following preprocessing, three distinct feature representations were extracted from the
vibration signals and exploration data analysis is done prior to model training. The pur-
pose of this analysis is to know the discriminative structure of each representation across
the 3 bearing health states and the full operational speed range.

The three representations are:

(1) Root Mean Square (RMS)

(2) Pearson kurtosis and

(3) the FFT magnitude spectrum.

T-SNE visualization of the FFT feature space is presented in Section 3.3.4 to examine the
cluster separability prior to classification. The feature analysis results reported in this

section motivate the supervised model design choices described in Section 3.4.

3.3.1 RMS Analysis:

RMS features can extract from a vibration signal is the Root Mean Square (RMS)
value which gives a measure of the signal’s average energy over a given window. the RMS

is computed as:

1
RMS = NZf’l:lx[n]Z

RMS was computed separately for each of the three accelerometer axes per window
giving three scalar values per sample: RMS_X, RMS_Y, and RMS_Z. The basic idea behind
using RMS for bearing health assessment is that intuitively a damaged bearing tends to
generate more vibration energy than the RMS value to increase with worsening damage
severity. This has been widely reported in the bearing fault diagnosis literature [Althu-

baiti et al., 2022 and Tiboni et al., 2022].
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Type 1 (Healthy) Type 2 (Moderate) (@) Type 3 (Damaged)

Figure 5. RMS Distribution from 2022 to 2025.

Figure 5 represents the Box plot distribution of RMS for Healthy, Lightly Damaged and
Heavily Damaged bearing classes across 4 years. In 2022, 2024 and 2025 the Heavily
Damaged motor consistently produces the highest median RMS which aligns with the
expected monotonic relationship between damage severity and vibration energy. How-
ever, the Lightly Damaged motor exhibits a wider interquartile range in all 4 years with
considerable distribution overlaps with both the Healthy and Heavily Damaged classes.
The 2023 recording presents a more extreme departure from the expected order-
ing as the Lightly Damaged motor produces a lower median RMS than the Healthy mo-
tor, a cross-year inversion that directly contradicts the monotonic damage energy as-

sumption.

The inversion can be explained in the specific damage mechanism of metallic dust con-
tamination. In the early stage of contamination at 250 mg individual metallic particles

act as sharp abrasives that excite structural resonances in the bearing housing. This pro-
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duces periodic high-amplitude impulses that elevate radial RMS beyond what the dam-
age mass alone would predict. As contamination progresses to the heavy damage state
at 1000 mg the bearing surfaces become uniformly degraded and the sharp particle im-
pacts transition to sustained broadband friction which produces a lower peak amplitude
but a higher and flatter spectral noise floor. This mechanism explains why the Lightly
Damaged motor does not consistently exist between the Healthy and Heavily Damaged
motors in the RMS distribution. It exposes the fundamental limitation of RMS as a three-
class severity discriminator. As a result, RMS cannot distinguish between the spectral
morphologies that characterize the three damage states in this dataset as a shortcoming

that directly motivates the evaluation of frequency domain features.

3.3.2 Kurtosis Analysis:

Pearson kurtosis, the fourth standardized moment of the amplitude distribution which
is equal to 3.0 for a Gaussian signal was computed per axis per window. On the Y-axial
and Z-radial axes the ordering Healthy below Lightly Damaged below Heavily Damaged
held consistently across recording years confirming that metallic contamination intro-
duces measurable non-Gaussian impulses. However, the X-radial axis showed incon-
sistent ordering across years, and the 2024 recording revealed an anomalous Healthy-
class X-axis kurtosis of 11.72 is exceeding both damaged classes, which is most likely a
structural resonance excited during that campaign. This cross-year inconsistency, com-
bined with the fundamental limitation of kurtosis as a severity discriminator once dam-
age transitions from impulse to distributed, foreshadows the model evaluation results

presented in Chapter 6.
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A Gaussian signal yields a kurtosis of exactly 3.0 values above 3.0 indicate impulse non-
Gaussian behavior which is theoretically expected when a bearing develops a local-
ized defect that generates periodic impact impulses (Antoni, 2006). Kurtosis was com-

puted per axis, that is K_X, K_Y and K_Z.
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Figure 6. Pearson Kurtosis by health class and recording year 2022-2025.

Figure 6 shows the kurtosis of the vibration magnitude vector, computed as the square
root of (x2+y?+z2) across all three health classes and four recording years. The dashed
reference line at 3.0 marks the Gaussian baseline. Results for kurtosis are inconsistent,
with no clear trend over the years. The Heavily damaged motor has a notably higher
kurtosis in three of the four years, while for the lightly damaged motor the kurtosis is
even slightly below the baseline for three of the four years. In 2025, the ordering in-

verts as the Healthy motor produces higher kurtosis than the Lightly damaged motor.

This inconsistency has a straightforward explanation. Kurtosis is theoretically opti-
mal for detecting early stage localized defects that produce sharp isolated impulses

(Randall & Antoni, 2011). Once damage becomes distributed as is the case
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with 1000 mg of metallic dust contamination, the signal transitions from impulse to
broadband friction and kurtosis decreases rather than increases. Combined with
the cross-year instability visible in Figure 6, this confirms that kurtosis alone is not a re-

liable feature for three class severity discrimination across a longitudinal dataset.

3.3.3 FFT Feature Analysis:

Unlike RMS and kurtosis, which reduce the vibration signal to a single scalar value the
FFT decomposes the entire signal into its constituent frequency components producing
a spectral magnitude vector that preserves the full frequency domain structure of the

bearing vibration. For a discrete signal x[n] of length N, The FFT is defined as:

where k=0,1, ........ N-1

Power Spectral Density — Motor Vibration by Year
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Power (dB)

Figure 7.Power spectral density curves by health class and recording year (2022 to 2025).

Figure 7 represents the Power Spectral Density curves for all three health classes across

the four recording years 2022 to 2025. A consistent pattern is visible across 2022, 2024,
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and 2025 as the Healthy Motor Green Color maintains a substantially lower broadband
power floor sitting approximately 20 dB below the damaged classes across the full
0 to 800 Hz range. The Lightly Damaged motor orange color and Heavily Damaged mo-
tor which is indicated as red color both show elevated power levels, but their profiles
differ in shape. The Lightly Damaged motor tends to show sharper localized peaks at
characteristic resonant frequencies while the Heavily Damaged motor shows broader
spectral elevation with higher broadband noise. The morphological difference that is
completely invisible to both RMS and kurtosis but directly learnable from the FFT mag-

nitude vector.

The 2023 recording is again an exception where all three classes converge more
closely and consistent with the cross-year variability observed in kurtosis and RMS sec-
tions. However, even in 2023 the Healthy motor maintains a visibly lower power floor
than both damaged classes confirming that frequency-domain separation between
healthy and damaged bearings is more stable across years than the scalar features ex-

amined previously.

These spectral differences are that is a near zero noise floor for healthy bearings, sharp
resonant peaks for lightly damaged bearings and broad elevated noise for heavily dam-
aged bearings form the physical basis for the superior classification performance of FFT-

based models.

3.3.4 t-SNE Exploratory Analysis of FFT Features:

Before training any classifier a t-SNE, exploration analysis was performed on the FFT fea-
ture space to visually assess whether the 450-dimensional feature vectors carry suffi-
cient structure to separate the three health classes and to understand how operating
speed organizes the feature space. t-SNE is a nonlinear dimensionality reduction tech-
nique that projects high dimensional data into two dimensions while preserving lo-
cal neighborhood structure and making it well suited for visualizing cluster separation in

complex feature spaces (van der Maaten and Hinton, 2008).



45

The analysis was performed on FFT feature vectors extracted from sampled windows
across all four recording years, three health classes, and four representative speed points
per year. The 450-dimensional FFT vectors were first standardized and reduced to 50 di-
mensions using PCA, retaining the dominant variance structure, before t-SNE was ap-

plied to produce the final two-dimensional embedding.

t-SNE Visualisation by Motor Condition
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Figure 8.t-SNE projection of FFT features colored by damage class.

Figure 8 presents t-SNE plot of the three health classes Healthy (green), Lightly Damaged
(orange) and Heavily Damaged (red) form a largely separate cluster territories across the
embedding space. This spatial separation provides direct visual evidence that the 450-
dimensional FFT vector. It encodes damage related spectral differences that are learna-

ble by a downstream classifier.
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t-SNE of FFT Features — Coloured by Operating Speed

Shows whether speed dominates the feature space | n = 11,406 samples

25 ‘
o~
5
B
g «7
£
]
w 0 ot
z
@
-
25
-50
-75
-100 75 50 25 0 25 50 75
-SNF dimension 1
@ 4RPM @ 10RPM ® 30RPM ® 37RPM ® 50RPM 60 RPM 80 RPM
100 RPM ® 350 RPM ® 420 RPM @ 535 RPM @ 1140RPM @ 1250 RPM @ 1500 RPM

Figure 9. t-SNE projection of FFT features colored by operating speed (RPM).

Figure 9 presents the same embedding colored by operating speed. The same compact
islands visible in the class-colored plot now reveal a clear speed-dependent structure.
Each island corresponds predominantly to a single speed point with low-speed windows
(blue) and high-speed windows (purple) occupying entirely different regions of the em-
bedding space. This dual structure and class-separated globally separated speed locally

which has a direct methodological implication.

The t-SNE projections show that when the points are colored based on damage class
(Figure 8). The 3 healthy states from largely distinct cluster in the FFT feature space. This

gives us strong visual confirmation that the 450-D FFT vector carries enough information
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to support good accurate classification. The separation may not be perfect. But it is clear

enough to explain why the FFT-based classifiers perform well.

3.4 Supervised Classification Models

This section describes the 4 supervised classification architectures evaluated in this the-
sis. They are Decision Tree, Random Forest, CNN-FFT and multi-scale Residual Raw CNN.

All models were evaluated under the same LOSO cross validation protocol with 57 folds.

The model selection for the bearing health classification is a critical step after data pre-
processing and feature extraction. In this study two supervised classical machine learn-
ing models were selected they are computationally fast, reliable and interpretable.
They are applied to all three feature representations. So, the two classical supervised

classifiers were selected for this study:

e Decision Tree

e Random Forest.

Both models were chosen for two complementary reasons. First both are inherently in-
terpretable, and a trained Decision Tree can be rendered as a visual flowchart where
every split node, threshold value and leaf class label is directly readable. It allows the
diagnostic behavior of each feature representation to be inspected without requiring
post-hoc explainability methods. Random Forest additionally exposes feature im-
portance scores that rank the relative contribution of each input variable to the ensem-

ble decision.

Second, both models are computationally lightweight and make no assumptions about
input dimensionality or distribution. It makes them equally applicable to the scalar in-
puts of RMS, kurtosis and the FFT vector under identical experimental conditions.

Both models were evaluated on two classification tasks:
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e Binary classification that is Healthy versus Unhealthy and
e Three class classification is Healthy, Lightly Damaged and Heavily Damaged clas-

Ses.

3.4.1 Decision Tree:

A Decision Tree is a supervised learning algorithm that splits the input feature space into
regions by using a series of threshold-based rules. Each internal node of the tree repre-
sents a decision based on a feature value. Each branch represents the outcome of that
decision, and each leaf node represents a predicted class label. The model is trained by
recursively selecting the feature and threshold which best separates the classes accord-

ing to the Breiman et al., 2017 authors Gini impurity criterion formula is defined as:

Gini(t) = 1 — Z_C_lp(ilt)z

A lower Gini value indicates a purer node with better class separation.
The key configuration parameters used in this study are:

e Criterion: Gini impurity

e Random seed: 42 randomly selected

e Class weight: balanced to handle class imbalance

e Maximum depth: varies per feature representation

3.4.2 Random Forest:

Random Forest is an ensemble learning method that builds a collection of Decision Trees
and aggregates their predictions task by using majority voting. Each tree in the forest is
trained on a randomly sampled subset of the training data. At each split only a random
subset of features is considered. According to author Breiman, 2001 this double ran-
domization reduces overfitting and improves generalization compared to a single Deci-

sion Tree. The key configuration parameters used in this study are:
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e Maximum depth: varies per feature representation
e Random seed: 42 randomly selected
e Class weight: 3-class balanced

e Criterion: Random ensemble method (Gini impurity)

Classification models Pipeline Evaluation Protocol:

Raw accelerometer signal
X, Y, Z axes - 1660 Hz

l

Feature extraction

Section-specific: RMS / Kurtosis / FFT spectrum \'aritgs per
Append Speed [RPM] — d-dimensional feature vector Sacn
LOSO fold split (57 folds)
One speed held out as test per fold
Train 80% - Val 20% - Test = held-out speed
e S B e g
Binary task 3-class task
Healthy (0) vs Unhealthy (1 - ithy / Hi
y (0) v ealthy (1+2) - ] Healthy / Light / Heavy
1:1 subsampling - class_weight=balanced e ——— class_weight=balanced
& l J g l J
e N\ 4 N
Decision Tree Random Forest
criterion=gini - max_depth varies n_estimators varies - max_depth varies
class_weight=balanced - seed=42 class_weight=balanced - seed=42
. J . J
—_— Ra—
e 3

Evaluation per fold
Accuracy - F1 macro - Majority vote acc.
Mean + std across all 57 folds (LOSO)

l

LOSO summary results
CSV reports - saved model artefacts (_joblib)

Figure 10. Classical Supervised Machine Learning Pipeline.

Figure 10 illustrates the common pipeline applied identically across all three feature rep-

resentations. Raw tri-axial accelerometer signals at 1660 Hz were first passed through
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feature extraction and it produces either the three scalar RMS values, three scalar kur-
tosis values or the 450-dimensional FFT magnitude vector depending on the section and
the normalized rotational speed appended as a conditioning scalar in all cases. The re-
sulting feature vectors were then split using Leave-One-Speed-Out (LOSO) cross-valida-
tion across 57 folds as that much unique speeds in the dataset where one speed point
was held out as the test set per fold and the 80 percent of the remaining data was used

for training and 20 percent for validation.

Each fold was evaluated on two tasks independently. In the binary task the three health
states collapsed into Healthy that is class O versus Unhealthy, which is formed by merg-
ing Lightly Damaged and Heavily Damaged, that is classes 1 and 2 with strict 1:1 subsam-
pling applied to prevent majority class bias on the decision boundary. In the three-
class task all three health states which are Healthy, Lightly Damaged and Heavily Dam-

aged were treated as independent targets with class-weight balancing applied.

Evaluation Protocol:
All classifiers that are both classical machine learning and deep learning models were
evaluated under the same Leave-One-Speed-Out cross-validation protocol across 57
speed folds. The evaluation protocol is explained as below:
e In each fold one speed point was held out as the test set and the model was
trained at all remaining 56 speeds.
e Within each fold 80 percent of training data was used for model fitting and 20
percent for validation.
e The binary task applied strict 1:1 subsampling to prevent majority class bias on
the Unhealthy class.
e The 3-class task used class-weight balancing across Healthy, Lightly Damaged
and Heavily Damaged.
e The same performance metrics were applied consistently across all models re-

ported in this thesis.



51

The metrics are defined as follows:
Accuracy measures the overall proportion of correctly classified windows across all clas-

ses:

TP+TN
TP+TN+ FP+FN

Accuracy =

Precision measures how many of the predicted True positive instances were correct:

TP

P . . —
recision —TP+FP

Recall measures of how many of the actual positive instances were correctly identified:

TP

Recall = TP-F—FN

F1 Score is the harmonic mean of Precision and Recall. It is particularly important when
the dataset is imbalanced because it penalizes models that achieve high accuracy by fa-

voring the majority class:

2 X Precision X Recall
F1 =

Pre cision + Recall

The macro-averaged F1 score extends this to multi-class problems by computing the F1

score independently for each class and taking the unweighted mean across all classes:

1 C
Flpacro = EZ 1F1i
1=

Where C is the total number of classes.
The macro-average F1 score is the primary ranking metric used throughout this thesis
for both classical and deep learning models because it weighs all classes equally. It is ro-

bust to the class imbalance present in the binary task (Sokolova & Lapalme, 2009). Mean
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and standard deviation of all metrics across all 57 LOSO folds are reported as the primary
summary statistics. The F1 score reported in all results tables throughout this thesis re-

fers to the macro-averaged F1 score.

3.4.3 CNN FFT

The CNN FFT model has a 1-D CNN that works on FFT frequency spectra instead of raw
vibration signals. The input to the model is the same 451-dimensional vector. This vec-

tor contains 150 FFT bins from each of the 3 axes giving 450 values.
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CNN + FFT — Process Flow

ABB vibration data

21M rows - 3 motors - 57 speeds

v

Windowing + FFT

150 bins x 3 axes — spectrum (151,3)

¥

Speed scalar

RPM / 1500 appended as conditioning input

v

Global Z-score normalisation

Computed across full training set

v

LOSO split (57 folds)

Train: 56 speeds - Test: 1 unseen speed

v

ConviD(32, k=7) — MaxPool — Drop(0.3)

Wide kernel

v

ConviD(64, k=5) — MaxPool — Drop(0.3)

Mid kernel

v

ConviD(128, k=3) — GAP — Drop(0.4)

Narrow kernel

v

Concat [embed, speed] — Dense(64) — Softmax

Speed-conditional classification head

v

Result: CNN+FFT

Binary acc - 3-class acc - F1 - std - perfect folds per model

Figure 11. CNN FFT Classification Pipeline.
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Figure 11 explains about the CNN FFT architecture and process flow. The network is built
from 3 sequential convolutional blocks with decreasing sizes that are wide, mid and nar-
row to capture spectral patterns. Each layer is supported by Max-pooling to reduce di-
mensionality and drop out parameter to prevent overfitting. The Global Average pooling
is used for feature maps. After the three convolutional blocks the fixed-length embed-

ding vector is joined together with the normalized speed value.

Training Configuration

The model was trained using the Adam optimizer. Categorical cross-entropy was used as
the loss function for both tasks. To avoid overfitting early, stopping was applied with a
patience of 10 epochs. The same Leave-One-Speed-Out cross-validation protocol was
used across all 57 speed folds that is one speed point was held out as the unseen

test set and 80% of the remaining data was used for training and 20% for validation.

Table 1. The CNN-FFT model hyperparameters.

Parameter Value

Input shape (151, 3) FFT magnitude spectrum

Frequency bins

150 per axis

Feature vector

450-dimensional

Speed conditioning

RPM / 1500 normalized scalar

Optimizer

Adam

Learning rate

5*10/-4

Loss function

cross-entropy

Batch size

64

Early stopping patience

3 epochs

Early stopping monitor

\Validation loss

Normalization

Global Z-score

Cross-validation

Leave-One-Speed-Out (LOSO)

Number of folds

57

Training speeds per fold

56
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Test speed per fold 1 unseen speed

Random seed 42

CNN to FFT input Analysis:

Using a CNN on the pre-computed FFT spectrum rather than the raw waveform
has one advantage. The FFT reduces the input from 300 raw time domain samples down
to 150 frequency bins per axis. It makes the model lighter and faster to train. At the
same time the FFT still preserves the spectral shape differences between healthy and

damaged bearings.

3.4.4 Multi-Scale Residual Raw CNN:

Raw CNN is very important deep learning model in this research study. Unlike the FFT-
based classifiers it accepts raw tri-axial vibration data directly without any precom-

puted spectral transformation.

The architecture is a multi-scale residual 1D CNN that processes the raw waveform

through 3 parallel convolutional branches.
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Raw CNN % — Process Flow

p N
ABB vibration data
21M rows - 3 motors - 57 speeds
\ S
Windowing only
Raw waveform (300,3)
Speed scalar

RPM / 1500 appended for speed conditioning

v

Per-fold Z-score normalisation

Fold-local: training windows only

+

LOSO split (57 folds)

e . T

Train: 56 speeds - Test: 1 unseen speed

v

Branch A: ConviD(k=8)

Branch B: ConviD(k=32)

v

Branch C: ConviD(k=64)

+

Concat — ResBlock(64) — ResBlock(128) — GAP

Residual Connection

4

Concat [embed, speed] — Dense(64) — Softmax

Speed-conditional head

-

Result: Raw CNN % BEST

Binary - 3-class

Figure 12. Multi-scale Residual Raw CNN architecture diagram.

Figure 12 explains the Raw CNN architecture network and process flow. The network

branches have several kernel sizes such as k=8 for fine-grained local patterns where k=32
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for intermediate signals and k=64 for long-term temporal dependencies. It ensures a
comprehensive analysis of the data. The resulting features are concatenated and refined
through sequential residual blocks and global average pooling. Finally, the model inte-
grates a normalized speed scalar. Finally, it is validated through a Leave-One-Speed-Out

cross-validation approach. The training protocol is same as CNN FFT model.

Table 2. Raw CNN model hyperparameters.

Parameter \Value
Optimizer Adam
Learning rate 107-3

Loss function

sparse categorical cross-entropy

Batch size

64

Early stopping patience

5 epochs

Early stopping monitor

\Validation accuracy

Normalization

Per-fold Z-score

Cross-validation

Leave-One-Speed-Out (LOSO)

Number of folds

57

Training speeds per fold

56

Test speed per fold

1 unseen speed

Random seed

42

Confidence-Threshold Rejection:

All the supervised classification models in this thesis output a probability vector of 3
healthy classes. At Inference time a confidence threshold rejection gate was imple-
mented. If the maximum class probability exceeds 0.80 the predicted class label that is
healthy or lightly healthy or unhealthy is returned. If the maximum falls at or below 0.80
the model returns an Inspection decision. This is especially important at low and transi-
tional operating speeds where the model tends to be uncertain. This mechanism directly

fulfils the Recommend stage of the ABB Detect-Predict-Recommend framework.
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3.5 Interpretability of Classification Models

Any ML or DL models that cannot explain which signal features or sensor axes are used
for decisions are difficult for maintenance engineers to trust and audit that sys-
tem. So, achieving high classification accuracy alone is not enough for deployment in in-

dustrial application.

This section describes the interpretability methods applied to both the deep learning
models and classical machine learning models which are evaluated in this study.
The classical models that can be explained are achieved by Tree visualization and fea-
ture importance scoring. DeepSHAP attribution analysis applied to both CNN architec-
tures to interpret the deep learning models. This section describes the interpretability

methods applied to both machine and deep learning models evaluated in this study.

3.5.1 Decision Tree and Random Forest Interpretability:

A decision Tree visualization exposes every split decision as a readable rule.
It shows which feature was selected at each node and the threshold value applied. It
is very easy to audit whether the model is relying on the speed conditioning variable

or vibration signal content to reach its classification decision.

3.5.2 DeepSHAP Analysis for CNN Models

DeepSHAP was applied independently to two trained Deep learning model architec-

tures:

e The multi-scale Raw CNN and

e CNN+FFT operates on frequency-domain spectra.
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This analysis was carried out across 10 representative speed folds that cover the full op-
erating range from 0 to 1500 RPM. The raw 3-axial waveform tensor (300, 3) and
normalized speed scalar which tells the model how fast the shaft is spinning at that mo-

ment are passed into the model.

For each speed fold, the process worked as follows:

e A background reference set of 100 windows was randomly sampled from
the held-out data.

e Afixed random seed of 42 was used to make sure this sampling is reproducible.

e Attribution values were computed for 50 test windows drawn from the same

held out speed fold

The background set size of 100 windows was selected to provide stable baseline estimate.
Each attribution value tells us how much a specific input feature pushed the model's
prediction away from what it would have predicted. In other words, it shows us what the
model found unusual or important about a particular test window compared to a typical
one. (Lundberg & Lee, 2017). The same process protocol was applied to CNN based FFT

model.

To make the results easier to interpret physically a relative axis importance was calcu-
lated. It will give the axis’ total summed attribution as a percentage of the combined
attribution across all three axes. An additional metric was also computed to help under-
stand what the attribution results mean in practice. Class separability delta meas-
ure shows us how strongly each axis discriminates between the two most extreme
health states. To check whether the models are using the vibration signal or speed to
make their decisions. That is why the normalized speed scalar was appended to both

CNN architectures.
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3.6 Unsupervised Anomaly Detection Models

Unsupervised anomaly detection addresses a different problem from supervised classi-
fication. An anomaly detector is trained exclusively on healthy bearing data and learns
to recognize normal behavioral inference time any test data that deviates from the
learned healthy distribution is flagged as anomaly. As in real time environment without
requiring labelled fault data during training this approach directly maps to the ABB De-
tect stage of the Detect-Predict-Recommend framework identifying deviations from nor-

mal behavior.

Three complementary anomaly detection models were evaluated in this study:
1 Isolation Forest — tree-based anomaly scoring on FFT features.
2 FFT Autoencoder — spectral reconstruction error-based detection.

3 CNN Autoencoder — raw waveform reconstruction error-based detection.

Each model was trained exclusively in Healthy class windows data and evaluated on both
Lightly Damaged and Heavily Damaged data.

The Performance was measured using three metrics:

e Accuracy: overall proportion of correctly classified windows

e Detection Rate (DR): proportion of actual fault windows correctly flagged as
anomaly

e False Alarm Rate (FAR): proportion of healthy windows incorrectly flagged as

anomaly

The key tradeoff in anomaly detection is between DR and FAR. A model that flags every-
thing as anomalous achieves 100% DR but also 100% FAR. A good model anomaly detec-

tor must achieve high DR while keeping FAR low.
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3.6.1 Isolation Forest

Isolation Forest is a tree based unsupervised anomaly detection algorithm that identi-
fies anomalies. According to author Liu et al., 2008 anomalies are detected by isolating
observations through random feature splitting. An anomaly score is assigned to each
sample based on the average path length required to isolate it. The shorter paths indi-

cate more anomalous samples.

The key advantages of Isolation Forest for this study are:
e It requires no assumptions about the distribution of the data
e Itis computationally efficient and scales well to high dimensional inputs
e It naturally handles the 450-dimensional FFT feature vector without dimension-
ality reduction

e It provides a continuous anomaly score that can be threshold at different levels

Table 3.The Isolation Forest model hyper parameters.

Parameter Value

Input feature FFT magnitude spectrum

Number of estimators 200 trees

Contamination Auto

Threshold 5th percentile of healthy training scores per fold
Training data Healthy class windows only

Test data Lightly Damaged and Heavily Damaged windows
Cross-validation Leave-One-Speed-Out (57 folds)

Random seed 42

Isolation Forest Architecture:
The model takes only healthy class windows as input where no fault data is seen dur-
ing training. Each window is transformed into a 450-D FFT feature vector using window-

ing and spectral extraction. The Isolation Forest, with 200 estimators, is then trained on
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these healthy features and assigns an anomaly score to each window based on isola-

tion depth. The shorter isolation paths indicate more anomalous behavior.

Isolation Forest — Process Flow

Healthy-class windows only
Unsupervised — no fault data during training

v

Windowing + FFT

150 bins = 3 axes = 453-D feature vector

v

Train: Isolation Forest
200 estimators - contamination=auto - seed 42

v

Score: isolation depth

Shorter path = more anomalous - score_samples()

v

Fold-local threshold

5th percentile of healthy training scores per fold

v

Test: fault windows
Light Damaged + Heavy Damaged per speed fold

v

Result: Isolation Forest

DR- FAR

Figure 13. Isolation Forest process flow.

Figure 13 illustrates the Isolation Forest process pipeline. A fold local threshold set at

the 5th percentile of healthy training scores determines the anomaly decision boundary.
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At testing phase Lightly Damaged and Heavily Damaged windows from the held-out
speed fold are scored against this threshold and classified as either normal or anomalous.

Final performance is reported as Detection Rate and False Alarm Rate per speed fold.

3.6.2 FFT Feature Autoencoder

The FFT Autoencoder is a convolutional autoencoder that teaches to reconstruct the FFT
magnitude spectrum of healthy bearing vibration signals. According to authors Goodfel-
low et al., 2016 an autoencoder consists of two components, first an encoder that com-
presses the input into a low-dimensional latent representation and second a decoder
that reconstructs the original input from that compressed representation. The anomaly
detection principle is a model trained exclusively on healthy spectral patterns, and it will
try to learn to reconstruct healthy windows accurately. It will produce high reconstruc-
tion errors only for damaged bearing windows whose spectral morphology deviates
from the learned healthy distribution.
The key advantages of the FFT Autoencoder for this study are:

e It operates in the frequency domain.

e Reconstruction error provides a continuous anomaly score

e It requires no fault labels during training

Table 4. FFT Autoencoder model hyper parameters

Parameter Value

Input shape (151, 3), FFT magnitude spectrum

Frequency bins 150 per axis

Normalization Global, spec_mean and spec_std from healthy data
Encoder Conv1D layers

Decoder Conv1D layers

lAnomaly score Mean Squared Error, a spectral reconstruction error
Threshold type Global

Threshold value 95th percentile of pooled healthy training errors
Training data Healthy class windows only
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Test data Lightly Damaged + Heavily Damaged per speed fold
Cross-validation Leave-One-Speed-Out (57folds)
Random seed 42

FFT Autoencoder Architecture:
The architecture consists of a Convolutional 1D encoder that compresses the input FFT
spectrum through a Lambda resize layer into a bottleneck representation. It is followed

by a Convolutional 1D decoder that reconstructs the original spectrum.

FFT Autoencoder — Process Flow

Healthy-class windows only
Unsupervised — normal data training only

v

Windowing + FFT

150 bins x 3 axes — spectrum (151,3)

-

Global normalisation

spec_mean and spec_std from all healthy data

v

FFT Autoencoder

ConviD encoder — Lambda resize — ConviD decoder

v

Anomaly score: MSE

Spectral reconstruction error per window

v

Global threshold

95th percentile of pooled healthy training errors

B

Test: fault windows
Light Damaged + Heavy Damaged per speed fold

.

Result: FFT-AE

DR - FAR
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Figure 14. FFT Feature Autoencoder process flow.

Figure 14 displays the FFT autoencoder pipeline process flow. The anomaly score for
each window is the Mean Squared Error (MSE). A global threshold set at the 95th per-
centile of pooled healthy training reconstruction errors. It determines the anomaly de-

cision boundary windows exceeding this threshold are classified as anomalous.

3.6.3 CNN Autoencoder

The CNN Autoencoder is a convolutional autoencoder that learns to reconstruct raw 3-
axial vibration waveforms of healthy bearing signals directly. Unlike the FFT Autoencoder
which operates on pre-computed on frequency spectra the CNN Autoencoder processes
the raw waveform tensor of shape (300, 3). This allows the model to learn waveform
morphology and temporal patterns of healthy bearing patterns. It may not be fully cap-
tured by frequency domain representations alone.
The key advantages of the CNN Autoencoder for this study are:

e It operates directly on raw waveforms.

e It does not require any hand-crafted feature extraction.

e Reconstruction error provides an interpretable anomaly score

CNN Autoencoder Architectures

The architecture consists of a Convolutional 1D encoder that compresses the raw wave-
form through two convolutional layers. The max pooling will convert these vectors into
a Dense bottleneck of 64 units. The decoder reconstructs the original waveform
shape using Dense layers. It is followed by two Convolutional 1D layers producing the fi-

nal (300, 3) output.
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CNN Autoencoder — Process Flow

Healthy-class windows only
Training on normal bearing data — no fault labels

v

Windowing
Raw waveform (300,3)

v

Per-fold Z-score normalisation
Fold-local statistics from healthy train set

"

Encoder
ConviD(32,k=8)—MaxPool — ConviD(64,k=5)—MaxPool — Dense(64) bottleneck

v

Decoder
Dense(800) — Reshape — UpSample — ConviD x 2 — reconstruct (300.,3)

v

Anomaly score: MSE

Per-window mean squared reconstruction error

v

Threshold: 95th percentile

Of healthy training errors — computed per fold

.

Test: fault windows
Light Damaged + Heavy Damaged

v

Result: CNN-AE

FAR- DR

Figure 15.CNN Raw Autoencoder process flow.

Figure 15 explains CNN Raw Autoencoder architecture. The anomaly score for each win-
dow is the Mean Squared Error (MSE). A per-fold threshold set at the 95th percentile of
healthy training reconstruction errors. These errors determine the anomaly decision

boundary which ensures the threshold adapts to the waveform amplitude of each speed

point.



67

4 Results

This chapter presents the experimental results of all supervised classification models and
unsupervised anomaly detectors evaluated in this study. Results are reported in the fol-
lowing order: Sections 4.1 to 4.3 cover the three classical feature-based classifiers which
are kurtosis, RMS, and FFT. They are evaluated under both Decision Tree and Random
Forest architecture. Sections 4.4 and 4.5 report the two deep learning classifiers, CNN-
FFT and the multi-scale Residual Raw CNN respectively. Section 4.6 presents the Deep-
SHAP interpretability results for both CNN architectures. Section 4.7 reports the unsu-
pervised anomaly detection results for all three detectors. Section 4.8 provides an over-
all comparative performance summary. All models were evaluated under the Leave-One-
Speed-Out (LOSO) cross-validation protocol across 57 speed folds as described in Section
3.4. Mean accuracy and macro-averaged F1 score across all folds are the primary re-

ported metrics.

4.1 Kurtosis Classification Results:

Kurtosis Binary class Analysis by Decision Tree and Random Forest:

Binary class by Decision Tree:

The below Table 5 presents the selected per-speed Decision Tree binary classification

results for the kurtosis feature under LOSO evaluation across 10 operational speeds.

Table 5. Kurtosis binary classification results — Decision Tree (selected speeds).

Speed IAccuracy F1 Score
50 51.22% 50.92%
100 29.28% 29.28%

500 71.44% 69.75%
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535 17.94% 17.91%
600 74.33% 72.84%
800 56.33% 56.29%
900 52.56% 52.38%
994 42.97% 39.94%
1200 89.22% 88.64%
1500 63.78% 54.52%

The results show high variability across speed folds. The binary classifier performs best
at 1200 RPM reaching 89.22% accuracy but collapses to 17.94% at 535 RPM. It indicates
that the kurtosis feature at this speed is actively misleading the classifier. These re-

sults confirm that kurtosis is not a good feature for binary bearing health classification.
Binary class by Random Forest:

Table 6 below presents the per-speed Random Forest binary classification results for the

kurtosis feature.

Table 6. Kurtosis binary classification results — Random Forest (selected speeds).

Speed Accuracy F1 Score
50 59.33% 55.44%
100 52.30% 42.97%
500 71.33% 68.50%
535 42.37% 41.65%
600 73.78% 70.35%
800 66.00% 63.58%
900 62.67% 60.56%
994 51.33% 50.24%
1200 91.78% 91.22%
1500 62.67% 50.51%
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The Random Forest improves marginally over the Decision Tree. The best performance
again occurs at 1200 RPM at 91.78% while the weakest remains at 535 RPM at 42.37%.
The limited improvement from Decision Tree to Random Forest confirms that the prob-
lem lies in the kurtosis feature itself rather than classifier capacity. The ensemble aggre-
gation cannot recover discriminative structure that is not present in the input features.

3-class Classification by Decision Tree:

Table 7 presents the per-speed Decision Tree three-class classification results for kurtosis.

Table 7. Kurtosis three-class classification results — Decision Tree (selected speeds).

Speed IAccuracy F1 Score
50 38.56% 38.64%
100 37.17% 37.72%
500 65.78% 65.53%
535 19.08% 21.09%
600 66.56% 66.40%
800 66.56% 66.26%
900 51.78% 51.73%
994 38.02% 26.44%
1200 60.67% 57.81%
1500 52.33% 50.70%

The three-class task exposes the complete failure of kurtosis as a severity discriminator.
Performance is highly inconsistent across speeds at 500 and 600 RPM. The classifier
reaches 65—66% while at 535 RPM it collapses to 19.08% and at 100 RPM to 37.17%. This
erratic pattern across neighboring speed points confirms that kurtosis does not encode

a stable relationship with damage severity across the operational speed range.
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3-class Classification by Random Forest:

Table 8 below presents the per-speed Random Forest 3-class classification results for

kurtosis.

Table 8. Kurtosis three-class classification results — Random Forest (selected speeds).

Speed IAccuracy F1 Score
50 38.89% 38.72%
100 46.38% 46.10%
500 60.22% 59.18%
535 34.73% 25.41%
600 64.67% 64.57%
800 61.78% 62.35%
900 55.56% 55.82%
994 44.11% 35.64%
1200 71.67% 70.42%
1500 52.22% 51.62%

The Random Forest three-class accuracy and F1 score shows negligible improvement
over the Decision Tree. Across all 57 LOSO folds the Random Forest produced zero ma-
jority-vote wins on the three-class task and no single held-out speed fold has a correct
majority class prediction when distinguishing between all three health states. This is the
strongest empirical evidence that kurtosis is fundamentally unsuitable as a three-class

severity discriminator for this dataset.
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4.2 RMS Classification Results

Binary Classification by Decision Tree:

Table 9 below presents the per-speed Decision Tree binary classification results for the

RMS feature under LOSO evaluation across 10 representative speed points.

Table 9.RMS binary classification results — Decision Tree (selected speeds).

Speed IAccuracy F1 Score
50 28.11% 30.56%
100 88.16% 88.28%
500 99.67% 99.52%
535 95.42% 95.48%
600 97.56% 99.55%
800 99.67% 98.15%
900 98.89% 98.39%
994 98.10% 98.09%
1200 98.89% 98.28%
1500 78.00% 76.28%

The RMS Decision Tree binary results represent a dramatic improvement over kurtosis.
At all speeds above 100 RPM the classifier achieves between 88% to 99 % accuracy ap-
proximately. The results confirm that RMS amplitude provides strong energy separation
between the Healthy and Unhealthy classes across the mid to high-speed range. The
only notable weakness occurs at 50 RPM where accuracy drops to 28.11%. At very
low rotational speeds the bearing generates minimal mechanical excitation and the en-
ergy difference between healthy and damaged states collapses which is making RMS an

unreliable binary discriminator at this speed point.
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Binary Classification by Random Forest:

Table 10 below presents the per-speed Random Forest binary classification results for

the RMS feature.

Table 10.RMS binary classification results — Random Forest (selected speeds).

Speed IAccuracy F1 Score
50 57.33% 51.59%

100 95.72% 95.09%

500 100.00% 100.00%
535 98.86% 98.72%

600 100.00% 100.00%
800 100.00% 100.00%
900 100.00% 100.00%
994 100.00% 100.00%
1200 100.00% 100.00%
1500 100.00% 100.00%

The Random Forest binary results for RMS have strong performance. One major im-
provement when compared to decision tree is at 994 RPM the Random Forest reaches
100% accuracy compared to 96.20% for the Decision Tree. At 1500 RPM the Random
Forest achieves 100% compared to 98.33%. This confirms that ensemble aggregation
provides a small but consistent improvement at speeds where a single tree finds mar-

ginal class boundaries.

3-class classification by Decision Tree:

Table 11 below presents the per-speed Decision Tree three-class classification results for

the RMS feature
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Table 11. RMS three-class classification results — Decision Tree (selected speeds).

Speed IAccuracy F1 Score
50 58.89% 52.68%
100 95.39% 94.70%
500 100.00% 100.00%
535 98.86% 98.72%
600 100.00% 100.00%
800 100.00% 100.00%
900 100.00% 100.00%
994 96.20% 95.82%
1200 100.00% 100.00%
1500 98.33% 98.15%

The RMS Decision Tree three-class results have strong performance across the mid to
high range speeds maintaining an accuracy of 95.39% to 100%. The decision boundary
that separates Healthy from Unhealthy in the binary task also separates the three classes
cleanly in the three-class task at mid-to-high speeds. The low-speed weakness at 50
RPM remains at 58.89% states that it is not good bearing excitation at very low rota-

tional velocity.

3-class Classification by Random Forest:

Table 12 below presents the per-speed Random Forest three-class classification re-

sults of the RMS feature.

Table 12.RMS three-class classification results —-Random Forest (selected speeds).

Speed IAccuracy F1 Score
50 41.78% 44.05%
100 85.20% 85.47%

500 99.89% 99.89%
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535 89.31% 88.99%
600 99.44% 99.44%
800 99.33% 99.33%
900 99.44% 99.44%
994 100.00% 100.00%
1200 99.67% 99.67%
1500 83.89% 83.06%

The Random Forest three-class results reveal the key limitation of RMS as a severity dis-
criminator. At 50 RPM accuracy drops sharply to 41.78% and to 85.20% at 100 RPM. At
1500 RPM accuracy falls to 83.89% compared to 98.33% for the Decision Tree binary task.
This three-class degradation at speed extremes is the fundamental limitation that moti-

vates the evaluation of the full FFT spectrum.

4.3 FFT Classification Results:

Binary Classification by Decision Tree:
Table 13 below presents the per-speed Decision Tree binary classification results for the

FFT feature under LOSO evaluation across 10 representative speed points.

Table 13.FFT binary classification results — Decision Tree (selected speeds).

Speed Accuracy F1 Score
50 66.27% 66.26%
100 90.13% 88.38%
500 98.67% 98.49%
535 55.34% 54.79%
600 100.00% 100.00%
800 99.07% 98.94%
900 98.67% 98.49%
994 67.68% 67.67%
1200 99.73% 99.70%
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1500 97.07% 96.74%

The FFT Decision Tree binary results show a distinctly different pattern compared to both
kurtosis and RMS. At mid-to-high speedsthe classifier performs strongly
and achieves 100% at 600 RPM and above 97% at 1200 and 1500 RPM. However, two
speed points stand out as challenging 535 RPM where accuracy drops to 55.34% and 994
RPM where it falls to 67.68%. These are genuine physical challenges rather than featur-
ing limitations. Importantly at 50 RPM the FFT Decision Tree achieves 66.27% when com-
pared to kurtosis at 51.22% and RMS at 58.89% at the same speed demonstrating that
spectral shape information provides better low-speed discrimination than scalar energy

statistics even for a simple single tree classifier.

Binary Classification by Random Forest:

Table 14 below presents the per-speed Random Forest binary classification results for

the FFT feature.

Table 14.FFT binary classification results — Random Forest (selected speeds).

Speed Accuracy F1 Score
50 98.40% 98.20%

100 99.67% 99.63%

500 100.00% 100.00%
535 95.04% 94.60%

600 100.00% 100.00%
800 100.00% 100.00%
900 100.00% 100.00%
994 100.00% 100.00%
1200 100.00% 100.00%
1500 100.00% 100.00%

The FFT Random Forest binary results are the strongest of all classical models evaluated

in this thesis. The transition from Decision Tree to Random Forest produces the largest
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relative gain of any feature as at 50 RPM accuracy jumps from 66.27% to 98.40%. At 535
RPM accuracy rises from 55.34% to 95.04%. This improvement confirms that the 450-
dimensional FFT feature space contains rich discriminative information that a single de-
cision tree cannot reliably do partition. At 7 of the 10 representative speed points the
FFT Random Forest achieves 100% binary accuracy. The 50 RPM have 98.4% where both

kurtosis and RMS struggled significantly.

3-class Classification by Decision Tree:
Table 15 below presents the per-speed Decision Tree three-class classification results for

the FFT feature.

Table 15. FFT three-class classification results — Decision Tree (selected speeds).

Speed Accuracy F1 Score
50 73.07% 72.92%
100 90.13% 90.14%
500 98.93% 98.93%
535 59.16% 54.92%
600 100.00% 100.00%
800 99.87% 99.87%
900 98.00% 97.99%
994 84.79% 84.39%
1200 97.33% 97.33%
1500 97.60% 97.60%

The FFT Decision Tree 3-class results demonstrate a critical advantage over RMS and kur-
tosis. The FFT Decision Tree maintains strong three-class task performance across the
full speed range. At 50 RPM the FFT Decision Tree achieves 73.07% 3 class accuracy com-

pared to only 58.89% for RMS Decision Tree at the same speed.

3-class Classification by Random Forest:
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Table 16 below presents the per-speed Random Forest 3 class classification results for

the FFT feature.

Table 16. FFT three-class classification results — Random Forest (selected speeds).

Speed Accuracy F1 Score
50 99.07% 99.07%

100 98.03% 98.02%

500 100.00% 100.00%
535 66.03% 53.40%

600 100.00% 100.00%
800 100.00% 100.00%
900 100.00% 100.00%
994 100.00% 100.00%
1200 100.00% 100.00%
1500 100.00% 100.00%

The FFT Random Forest 3 class results represent the best overall performance among all
classical supervised models in this study. At 50 RPM the classifier achieves 99.07% three-
class accuracy when compared to only 41.78% for RMS Random Forest at the same
speed. At 9 of the 10 representative speed points the FFT Random Forest achieves above
98% three-class accuracy, which proves that FFT outperformed compared to remaining

features that are kurtosis and RMS.

4.4 CNN-FFT Classification Results:

CNN_FFT Binary Classification:
Table17 below presents the per-speed CNN_FFT binary Classification under LOSO evalu-

ation across 10 representative speed points.
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Table 17.CNN-FFT binary classification results (selected speeds).

Speed Accuracy F1 Score
50 40.76% 37.11%
100 97.04% 96.70%
500 100.00% 100.00%
535 91.60% 91.03%
600 100.00% 100.00%
800 100.00% 100.00%
900 100.00% 100.00%
994 97.72% 97.47%
1200 100.00% 100.00%
1500 95.69% 95.45%

The CNN FFT binary results show a clear and consistent pattern across the speed range.
At mid-to-high speeds the model performs very strongly. At 500, 600, 800, 900 and 1200
RPM it achieves perfect 100% accuracy and F1. At 100 RPM and 994 RPM it still performs
very well at 97.04% and 97.72%. At 535 RPM the model reaches 91.60% accu-
racy. The only speed point where the binary model clearly fails is 50 RPM where accu-
racy drops to 40.76% and F1 falls to 37.11%. At 1500 RPM the model achieves 95.69% ac-

curacy, which is good but slightly lower than the mid-range speeds.

CNN_FFT 3-class Classification:

Table 18 below presents the per-speed CNN_FFT 3-class Classification under LOSO eval-

uation across 10 representative speed points.
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Table 18. CNN-FFT three-class classification results (selected speeds).

Speed Accuracy F1 Score
50 41.89% 33.80%
100 98.03% 98.04%
500 100.00% 100.00%
535 45.42% 36.74%
600 100.00% 100.00%
800 99.81% 99.81%
900 100.00% 100.00%
994 55.89% 47.03%
1200 100.00% 100.00%
1500 97.61% 97.77%

The 3-class results reveal an interesting and unexpected pattern when compared to the
binary results above. At 535 RPM accuracy falls from 91.60% in the binary task down to
45.42% in the 3-class task. At 994 RPM accuracy drops from 97.72% down to 55.89%.

These two speed points stand out as genuine weak spots for the 3-class CNN FFT model.

At 50 RPM the 3-class model again fails with 41.89% accuracy and 33.80% F1. It achieves
100% accuracy at 500, 600, 900 and 1200 RPM and above 97% at 100 and 1500 RPM.
The model successfully distinguishes all three health states including the finer boundary

between lightly and heavily damaged bearings at most of the speed range.

4.5 Raw CNN Classification Results

CNN Raw data Binary Classification:

Table 19 below presents the per-speed Raw CNN binary classification results under LOSO

evaluation across 10 representative speed points.
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Table 19.Raw CNN binary classification results (selected speeds).

Speed Accuracy F1 Score
50 98.95% 98.81%

100 100.00% 100.00%
500 100.00% 100.00%
535 99.24% 99.14%

600 100.00% 100.00%
800 100.00% 100.00%
900 100.00% 100.00%
994 100.00% 100.00%
1200 100.00% 100.00%
1500 99.95% 99.95%

The Raw CNN binary results are the strongest of all models evaluated in this thesis. At 9
of the 10 representative speed points the classifier achieves 100% accuracy. The only
two speeds below 100% are 50 RPM,1500 RPM at 98.95% and at 99.95% but both of
which still exceed all classical ML models at the same speeds. Most critically at 50 RPM
where kurtosis achieved only 59.33%, RMS achieved 57.33% and FFT Random Forest
achieved 98.40%, the Raw CNN achieves 98.95% which is the the highest binary accu-
racy at this challenging low speed point across all models. At 535 RPM which was the
most challenging speed for all previous models, the Raw CNN achieves 99.24%accuracy.
This model is the most reliable binary bearing health classifier across the full 0-1500

RPM operational range.

CNN 3-class classification:
Table 20 below presents the per-speed Raw CNN three-class classification results under

LOSO evaluation.
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Table 20.Raw CNN three-class classification results (selected speeds).

Speed Accuracy F1 Score
50 97.89% 97.89%

100 100.00% 100.00%
500 100.00% 100.00%
535 96.56% 96.56%

600 100.00% 100.00%
800 100.00% 100.00%
900 100.00% 100.00%
994 100.00% 100.00%
1200 100.00% 100.00%
1500 90.21% 90.82%

The Raw CNN 3 class results confirm it as the best performing model across all classifiers
evaluated in this study. At 50 RPM the Raw CNN achieves 97.89% three-class accuracy
compared to only 41.78% for RMS and Random Forest and 99.07% for FFT Random For-
est at the same speed. The 3-class performance remains above 96% at all speed points
except 1500 RPM where it drops to 90.21%. At 535 RPM Raw CNN achieves 96.56%

three-class accuracy which is the highest of any model at this challenging speed.

4.6 Interpretability of Classification of models:

4.6.1 Decision Tree FFT Visualisation

Below are the two visualizations figures of FFT algorithms
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Figure 16.Decision Tree FFT Binary classification at 1500 RPM.

Figure 16 displays the decision Tree FFT binary classification at 1500 RPM. The FFT Deci-
sion Tree binary structure at 1500 RPM roots on Y 442.6 Hz which is a mid-range fre-
guency bin on the Y-axial axis. It indicates that axial spectral content at this frequency
provides the strongest single class separation between healthy and unhealthy. One of
the key observations is speed appears only at depth 2 a threshold of 40 RPM. In the dia-

gram, which has top 3 levels of flow of the classification.
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4.6.2 Random Forest FFT 3 classification
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Figure 17. Random Forest FFT 3-class classification at 1500 RPM.

Figure 17 displays the Tree visualization of the Random Forest FFT 3-class classification
at 1500 RPM. The FFT Random Forest 3-class tree of Top 3 level depth at 1500 RPM

shows a single estimator structure rooted on X 791.2 Hz. A high frequency bin on the X-
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radial axis with a Gini impurity of 0.667 at the root shows the balanced 3-class distribu-
tion across the full training set. Speed does not appear at any level. The complete ab-
sence of speed from the visualized tree levels confirms that the FFT spectral representa-

tion provides good class discriminative structure.

4.6.3 DeepSHAP CNN FFT:

As shown in Table 21, the X-radial and Z-radial axes share the attribution much more
equally. X averages 40.82% and Z averages 37.85%. It means neither axis clearly domi-
nates on its own. The Y-axial axis contributes 21.33 per cent on average. At four of

the 10 speed folds the Z-radial axis is the dominant contributor.

Table 21.DeepSHAP three-class axis analysis - CNN FFT model (selected speeds).

Speed (RPM)  Ximp. (%) Yimp.(%) Zimp.(%) Sep.AX Sep.AY Sep.AZ
50 39.44 9.57 50.99 0.2429 0.0155 0.196
100 46.63 20.08 33.28 0.0451 0.0597 0.0818
500 47.65 16.1 36.25 0.0499 0.0146 0.0307
535 32.94 30.11 36.94 0.0046 0.0237 0.0243
600 43.39 22.42 34.19 0.0063 0.0104 0.0333
800 46.33 19.25 34.42 0.0161 0.0048 0.0412
900 46.68 17.91 35.41 0.0223 0.0162 0.061
994 24.27 29.08 46.65 0.1304 0.0306 0.2373
1200 41.51 23.7 34.79 0.0132 0.0025 0.0358
1500 39.4 25.04 35.57 0.0688 0.0279 0.1007
Mean 40.82% 21.33% 37.85% 0.06 0.0206 0.0842
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Figure 18. DeepSHAP means attribution of CNN-FFT model 3-class classification at 1500 RPM.

Figure 18 shows the mean absolute DeepSHAP attribution values at 1500 RPM across all
3 axes for the CNN-FFT model. At 1500 RPM the X-radial axis contributes 39.40% of at-
tribution, the Y-axial axis contributes 25.04% and the Z-radial axis contributes 35.57%.
The overall pattern confirms that the CNN-FFT model decision is based on bearing fault

spectral signatures not on the speed-dependent artefact.

4.6.4 DeepSHAP Raw CNN

Looking at the DeepSHAP results for Raw CNN the first thing that stands out is that the
X-radial axis is clearly the dominant contributor across all 10 speed folds. Table 22 shows
the full breakdown of axis importance and class separability delta values. On average,
the X-radial axis accounts for 50.88 per cent of the total attribution which is higher than

the other 2 axes.
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Table 22.DeepSHAP three-class axis analysis — Raw CNN model (selected speeds).

Speed (RPM) Ximp. (%) Yimp.(%) Zimp.(%) Sep.AX Sep.AY Sep.AZ
50 57.78 11.28 30.95 0.0309 0.0082 0.0204
100 46.26 30.33 23.41 0.0164 0.0219 0.0118
500 50.88 20.59 28.53 0.0191 0.0174 0.0135
535 49.92 29.24 20.84 0.0226 0.0131 0.015
600 57 23.52 19.48 0.0178 0.0171 0.0149
800 50.97 26.42 22.61 0.0188 0.0175 0.0137
900 50.11 27.13 22.76 0.026 0.0153 0.0161
994 50.35 30.04 19.61 0.0172 0.0157 0.0075
1200 46.48 34.74 18.78 0.0138 0.0281 0.011
1500 49.06 32.72 18.22 0.0153 0.0285 0.0162
Mean 50.88% 26.60% 22.52% 0.0198 0.0183 0.014

In Table 22 there is an interesting pattern in the separability delta column. From 50 to
800 RPM, the X-radial axis provides the highest-class separability delta. But at
1200 RPM and 1500 RPM speed points the Y-axial axis produces the highest separability

delta values.
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Figure 19. DEEPSHAP means attribution of the Raw CNN model at 1500 RPM.

Figure 19 displays the mean absolute DeepSHAP attribution values at 1500 rpm speed
across all 3 raw-waveform axes for the Raw CNN model. This model concentrates its at-
tributions on the X-radial channel at 49.06, the Y-axial axis is at 32.72% and the Z-radial
axis at 18.22%. Attribution peaks are distributed across the full window length, not con-
fined to a narrow temporal segment. It is indicating that the multi-scale architecture
captured fault-related impulses. Speed scalars are not given importance in this model

also.

4.6.5 Cross Architectural comparison

By comparing the two raw CNN and CNN FFT, it has 3 important findings:
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Table 23.Cross architecture DeepSHAP axis attribution comparison (Raw CNN vs CNN-FFT).

Raw CNN | CNN+FFT
Speed dom. dom. Agreement |Y-axis high-speed |Speed scalar
50-800 X XorZ Partial Negligible 0 both
1200-1500 X X Yes Y sep. both 0 both

X X/Z X always top- | Y>X sep. at 1200—
All speeds dominant | competitive |2 1500 Negligible both

Table 23 has first one, whether the model is working with raw time-domain or FFT spec-
tra, The X-radial is always dominant axis and always the top two contributors at every
speed fold. It confirms that radial direction carries the dominant fault severity infor-

mation for this data and bearing configuration.

The second finding is more interesting because it was noticed in both models surprisingly.
The Y-axis separability delta increases at high rotational speed in both models. The CNN
FFT as well as Raw CNN shows that Y separability is high at 1200 and 1500 RPM. The two
models do not share any parameters. They learn their representation in completely dif-

ferent input domains, but both came to one conclusion about the Y-axis at high speed.

The third finding is that the speed scalar which was included as an input for both models
receives negligible SHAP attribution at every speed. That means neither model is using
speed as a shortcut to learn the data patterns. So, both models learned the fault repre-
sentation that are inherently speed robust. This reliability is important for industrial ap-

plications.



4.7 Anomaly Detection Results

4.7.1 Isolation Forest

Table 24. isolation Forest anomaly Detection (selected speeds).

Speed IAccuracy DR FAR

50 71.58% 80.38% 45.91%
100 96.71% 97.54% 4.95%
500 100.00% 100.00% 0.00%
535 100.00% 100.00% 0.00%
600 100.00% 100.00% 0.00%
800 74.25% 100.00% 76.83%
900 100.00% 100.00% 0.00%
994 99.62% 100.00% 1.15%
1200 99.25% 100.00% 2.26%
1500 71.33% 100.00% 78.94%

Table 24 displays the Isolation Forest results reveal a highly speed-dependent perfor-
mance pattern that can be divided into 3 distinct groups. At mid-range speeds which are
500, 535, 600 and 900 RPM, the model achieves perfect performance with 100% accu-
racy, 100% DR and 0% FAR. This confirms that the FFT feature space at these speeds
produces good separated healthy and anomalous distributions. At 100, 994 and 1200
RPM performance remains strong with accuracy above 96%, DR above 97% and FAR be-
low 5%. It indicates reliable fault detection with very few healthy windows. The most
challenging speed points are 50, 800 and 1500 RPM where a critical tradeoff between

DR and FAR and Low FAR are detected at this operating speed.
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4.7.2 FFT autoencoder

Table 25.FFT autoencoder anomaly detection (selected speeds).

Speed Accuracy DR FAR

50 94.69% 99.62% 15.09%
100 95.39% 99.51% 12.87%
500 100.00% 100.00% 0.00%
535 67.18% 100.00% 98.85%
600 100.00% 100.00% 0.00%
800 82.35% 100.00% 52.66%
900 100.00% 100.00% 0.00%
994 99.62% 100.00% 1.15%
1200 100.00% 100.00% 0.00%
1500 65.63% 100.00% 94.63%

Table 25 displays the FFT Autoencoder results show a very good consistent pattern
across all speed folds The Detection Rate reaches almost 100% or near 99 % at every
single speed point. At 50 RPM the FFT Autoencoder achieves 99.62% DR compared to
80.38% for the Isolation Forest. At 100 RPM DR reaches 99.51% with a FAR of only

12.87% indicating reliable detection with a good false alarm rate.

However, the FFT Autoencoder introduces a new challenge at several speed points which
has extremely high FAR values. At 535 RPM the FAR reaches 98.85% which means almost
every healthy window is incorrectly flagged as anomalous despite 100% DR. At 1500
RPM FAR reaches 94.63% and at 800 RPM 52.66%. It is producing high reconstruction

errors even for healthy windows and triggering excessive false alarms.
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4.7.3 Raw CNN auto encoder

Table 26.CNN auto anomaly Detection (selected speeds).

Speed Accuracy DR FAR
50 45.18% 43.99% 52.45%
100 96.05% 94.09% 0.00%
500 100.00% 100.00% 0.00%
535 93.89% 90.86% 0.00%
600 100.00% 100.00% 0.00%
800 100.00% 100.00% 0.00%
900 100.00% 100.00% 0.00%
994 100.00% 100.00% 0.00%
1200 100.00% 100.00% 0.00%
1500 100.00% 100.00% 0.00%

Table 26 above presents the CNN Autoencoder anomaly detection results across all 10
representative speed points. The most important characteristic of these results is the
near zero False Alarm Rate across 9 out of 10 speed points. At all speeds above
100 RPM the FAR is exactly 0.00%. It means the model correctly identifies every healthy
window as normal without generating a single false alarm. This is the lowest FAR score of

all three anomaly detection models at 5.25%.

The weakness of the CNN Autoencoder is concentrated entirely at 50 RPM where accu-
racy collapses to 45.18%, DR drops to 43.99% and FAR rises to 52.45%. It means at 50
RPM the CNN Autoencoder misses more than half of all faulty windows. This is in direct
contrast to the FFT Autoencoder. It achieved 99.62% DR at 50 RPM by operating in the

frequency domain.
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At 100 RPM the CNN Autoencoder recovers strongly, achieving 96.05% accuracy, 94.09%
DR and 0.00% FAR. From 500 RPM onwards the model achieves perfect perfor-

mance across all remaining test speeds.

4.8 Overall Performance Results Summary

Classical Supervised Machine Learning Algorithms:
This Table 27 below summarizes the key findings before the detailed discussion that fol-

lows.

Table 27.0verall supervised model performance summary.

Feature / Model Task Accuracy F1 Score
Kurtosis (Decision Tree) Binary 64.88% 61.82%
3-Class 53.61% 52.04%
Kurtosis (Random Forest) Binary 68.64% 62.94%
3-Class 54.46% 52.83%
RMS (Decision Tree) Binary 95.91% 94.61%
3-Class 91.48% 90.86%
RMS (Random Forest) Binary 97.14% 96.28%
3-Class 94.06% 93.67%
FFT (Random Forest) Binary 97.33% 97.06%
3-Class 95.31% 94.32%
FFT (Decision Tree) Binary 91.36% 90.75%
3-Class 89.25% 87.92%
Raw CNN Binary 99.81% 99.79%
3-Class 98.47% 98.53%
CNN FFT Binary 92.28% 91.78%
3-Class 83.87% 82.23%
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After evaluating all the models across multiple feature representations and architectures,
Table 4 has a clear performance hierarchy. Starting from the scalar impulses which
are represented by kurtosis simply do not work well enough for this task. It has an accu-
racy of only 68.64% and fails to provide reliable discriminative boundaries for both
tasks. Moving to RMS amplitude performs much better for the binary case and reaching
up to 97.14% accuracy. However, for 3-class severity discrimination its performance

starts to drop. The classical frequency-domain approach does considerably better.

FFT features with a Random Forest classifier have a highly stable baseline:
e 3-class accuracy of 95%.

e Consistent performance across speed folds.

This model is lightweight and good for edge device deployment. The deep learning mod-
els results can be summarized as follows:

1. Multi-scale Raw CNN: This is the best performing model. It achieves good binary
accuracy of 99.81% and a 3-class accuracy of 98.47%. Multi-scale architecture
clearly helps the model to capture faulty signatures across all speeds.

2. FFT-based CNN: This model is also strong, but evaluation metrics are slightly be-

low when compared to Raw CNN.

The Raw CNN model is not only the most accurate but the most consistent model across
all operating speeds. These are the most important criteria for deployment in indus-
tries. The Raw CNN model is good for Cloud infrastructure which has high operational

capacity.
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Anomaly Autoencoder:

Table 28.unsupervised anomaly detection model performance summary.

IAnomaly Models IAccuracy DR FAR
CNN Autoencoder 93.51% 92.89% 5.25%
FFT Autoencoder 90.49% 99.91% 27.53%
Isolation Forest 91.27% 97.79% 21.01%

Table 28 displays all unsupervised anomaly detection summary results. On the unsuper-
vised side, the simple isolation forest is also having good detection rate of 97.79%
but false alarm is 21.01% which is difficult in industry and unnecessary maintenance
time scheduling. The FFT Autoencoder catches almost everything with a detection rate
of 99.91%. But that comes at the cost of the false alarm rate is 27.53% which is worser
than Isolation Forest. However, The CNN Autoencoder has detection rate of 92.89% and
false alarms are very low at just 5.25%. The choice of model depends on the use case of
customer, for edge device Isolation Forest and for cloud analytics CNN Autoencoder are

best.
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5 Discussion

This chapter interprets the experimental results presented in Results section. Section 5.1
addresses each research question and section 5.2 explains the comparison table of pub-
lished studies related and this thesis. Section 5.3 maps the machine learning pipeline
developed in this thesis onto the ABB Detect—Predict—-Recommend operational frame-
work. Section 5.4 examines the limitations of the findings. Throughout the discussion
connects empirical observations to the theoretical foundations established in Chapter 2
and identifies where the results confirm or challenge existing knowledge in the bearing

fault diagnosis literature.

5.1 Addressing the Research Questions

Each of the four research questions defined in Section 1.3 are answered below. The an-
swers are based directly on the quantitative results reported in Chapter4.They are also

connected to the relevant literature reviewed in Chapter 2.

5.1.1 RQ1: Feature Representation and Speed-Robust Classification

Which feature representation gives the most reliable and accurate bearing damage clas-

sification across a full 0-1500 RPM operational speed range?

FFT features combined with Random Forest provide the best baseline results. It achieved
95.31% 3-class and 97.33% accuracy for binary classification tasks. Kurtosis fails uni-

formly across all speed folds. RMS breaks down on 3-class classification tasks.

The results section show that kurtosis failed uniformly across all LOSO folds. The authors
Randall and Anton’s (2011) research paper state that a scalar impulse statistic simply
cannot discriminate between fault severity levels. RMS also collapsed on 3-class task but
does better for binary classification reaching 97.14% accuracy. That is because RMS did

not have spectral structure and cannot differentiate between the sharp resonant peaks
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of a lightly damaged bearing and heavily damaged. That is why FFT features with Ran-
dom Forest have become the best option. The 450-dimensional FFT vector achieves
95.31% for 3 -class accuracy across all folds. Adding the normalized speed scalar as a
conditioning input helps the classifier separate actual bearing defect harmonics from
speed-dependent mechanical resonances. This is recommended for edge deployment

where computational simplicity matters.

5.1.2 RQ2: Deep Learning Generalisation to Unseen Speeds

Can a deep learning model trained on raw vibrational signals generalize to motor

speeds it has never seen during training?

Yes. The Raw CNN maintained above 96% accuracy for 3-class tasks across nearly all 57
held out operational speed under LOSO evaluation including the challenging speeds
like 535 RPM. The multi-scale architecture processes the waveform through 3 parallel
branches at kernel sizes of 8, 32, and 64. Because of this fault signatures get captured
regardless of how speed shifts the impulse interval. Different kernel sizes recognize dif-
ferent temporal phenomena simultaneously. This makes the model does not lose track
of fault signatures even when the operating condition changes. The DeepSHAP results
show that the speed scalar received negligible attribution across all folds. That means
the model is not cheating by using speed as a proxy label. It is genuinely learning fault

structure from the waveform itself.

5.1.3 RQ3: Axis-Dependent Attribution and Speed Effects

Do the three sensor axes contribute equally to bearing fault detection and does their

contribution change at different motor speed?

No, the 3-sensor axis contribution is not equal for bearing fault detection. The X-radial
axis dominates in the Raw CNN of about 50.88% of mean DeepSHAP attribution across

all speed folds and as well as for CNN-FFT with X-axis dominance of 40.82%. However,
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above 1200 RPM something changes in both architectures. After this speed the Y-axial
axis starts providing the highest-class separability delta. So, it is suggested that Y-axial
vibration carries more discriminative severity information at higher rotational speeds.
The speed scalar is almost negligible which shows that CNN RAW is speed independent

model.

5.1.4 RQ4: Unsupervised Anomaly Detection Across the Speed Range

Can afaulty detection system train only on healthy bearing data reliably identify damage

across all motor speeds?

Unsupervised anomaly detection trained exclusively on healthy bearing data can reliably
identify bearing faults across the full 0-1500 speed range. Although no single detector
provides both low false alarm rate and reliable detection across the full speed range. But
among all autoencoders models of this thesis the CNN Autoencoder achieves near zero
false alarms at 9 of 10 speed folds and a good 92.89% detection rate. On the other hand,
The FFT Autoencoder has DR at 99.91% and FAR above 94% at 1500 RPM which is oper-
ationally not suitable. The Isolation Forest has a middle ground result at 97.79% DR and
21.01% FAR which is also good option for edge devices. In all these models CNN Auto

encoder has best candidate for the ABB detect stage because of balanced results.
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Table 29. Comparison of related research studies.

Anomaly [Tem-
Data Operating [Evaluation Detec- |poral
Study Set Conditions [Protocol Fault Type [XAl tion Span
Saha et al.
(2024) CWRU 4 loads Transfer Learning [Bearing No [No <1 day
Zhang et al. <1 day
(2017) CWRU 3 loads Cross Domain Bearing No |No
Lessmeier et |Pader- <1 day
al. (2016) born 4 conditions|Cross condition Bearing No |No
Hendriks et <1 day
al. (2022) CWRU 4 loads Leave bearing out [Bearing No |No
Bearing
Contamina-
tion 4 years
Present work |ABB 57 LOSO (57 folds) (3-class) |Yes 3

As shown in the comparison table 29 above, the 57-fold LOSO protocol used in this thesis

is unique when compared to prior research studies. But beyond the evaluation protocol,

there are three things this thesis does are the following:

e Four-year longitudinal validation on the same physical testbed.

e DeepSHAP comparison at multiple speed points.

e Direct comparison of multiple anomaly detector classes on the same variable-

speed dataset.
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No single prior study combines all three of those. This thesis study is about demonstrat-

ing that the results hold up under conditions that reflect industrial reality.

5.3 Positioning Within the ABB Detect-Predict-Recommend Framework

The CNN Autoencoder fulfils the Detect stage. It flags deviations from healthy behavior.
When it raises an alarm, something is defective in the motor. The Raw CNN takes care of
the Predict stage. It is classifying fault severity across the unseen speeds under LOSO
conditions. For situations like where computational simplicity matters more such as for

edge deployment, the FFT Random Forest serves as a good lightweight alternative model.

The confidence-threshold handles the Recommend stage in a way that is honestly more
useful than a forced decision. When model confidence falls below 0.80, the system re-
turns an Inspect decision instead of taking a potentially wrong diagnosis. In practice, the
Inference testing results of Random Forest FFT model at 1500 RPM and 535 RPM con-
firmed this behavior. The binary classifier remained highly confident across all tested
windows. The 3-class classification model correctly withheld the diagnosis on ambiguous

severity windows, and it returned a Inspect instead of forced label.

It also found that DeepSHAP analysis plays a bigger role. By confirming that predictions
are grounded in genuine fault signatures rather than speed proxies. It provides the kind
of physical evidence that maintenance engineers need before they can trust a system
recommendation. In a safety-critical context, that trust is not optional, it is a prerequisite

for the whole pipeline to be operationally useful. (Lundberg & Lee, 2017)
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5.4 Research Limitations

The following are the limitations of this thesis before drawing any broader conclusions:

e All data from metallic dust contamination only. The performance on other faults
such as fatigue spalling or electric discharge damage remains unvalidated.

e The 300-sample window at 1660 Hz does not capture a full shaft rotation.so the
results at low speed reflect a physical acquisition constraint as much as model
behavior.

e The DeepSHAP axis attribution findings are specific to this bearing geometry and
sensor placement. Without running the same analysis again, they should not be

generalized to other motor configurations.
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6 Conclusion

Bearing failures are the main causes of unexpected downtime in industries. Although
data-driven fault diagnosis has advanced significantly, most existing research remains
limited to single-session and narrow speed range laboratory benchmarks. These condi-
tions do not reflect the variable-speed, time-varying nature of real industrial deploy-
ments .This thesis was motivated by four specific gaps in the existing literature: the ab-
sence of Leave-One-Speed-Out evaluation, the lack of longitudinal multi-year validation,
the absence of cross-architecture DeepSHAP comparison at multiple speed points and
the lack of side-by-side evaluation of diverse anomaly detector classes on variable-speed

data. Each of these gaps is addressed in this work.

To address these gaps a comprehensive machine learning pipeline was developed and
evaluated. Four supervised classification models were included in the evaluation: Deci-
sion Tree, Random Forest, CNN-FFT and a multi-scale Residual Raw CNN. Each model was
evaluated on both binary and three-class classification tasks. In addition, three unsuper-
vised anomaly detectors were evaluated alongside the supervised models. All models
were tested under a 57-fold Leave-One-Speed-Out protocol which ensured that each
speed point was treated as an unseen test condition during evaluation. To improve the
interpretability of the results, DeepSHAP attribution analysis was applied to both CNN
architectures. This allowed a direct comparison of how each architecture responds to

different input features at varying motor operational speeds.

The results provide clear and consistent answers to all four research questions. For RQ1,
the FFT magnitude spectrum combined with a Random Forest classifier provided the
most reliable speed-robust feature representation. Kurtosis failed uniformly across
speed conditions and RMS showed degraded performance on the three-class task at
speed extremes. This confirms that frequency domain features carry stronger general-
izable information than simple statistical time domain indicators. For RQ2, the multi-

scale Residual Raw Class the highest performance of any model evaluated and reached
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99.81% binary and 98.47% three-class mean accuracy across all 57 held-out folds. This
demonstrates that a multi-scale temporal architecture can learn speed-invariant fault
representations directly from raw waveforms, without requiring manual feature extrac-
tion. For RQ3, the three sensor axes were found to contribute unequally to fault detec-
tion. The X-radial axis consistently provided the dominant fault attribution, accounting
for 50.88% of the mean DeepSHAP share in Raw CNN. Above 1200 RPM, the Y-axial axis
became the primary class discriminator. This finding was replicated independently across
both CNN architectures which strengthens confidence in the result. For RQ4, no single
anomaly detector achieved both high detection rate and low false alarm rate across the
full speed range. The CNN Autoencoder provided the best overall balance, achieving a
detection rate of 92.89% with a false alarm rate of only 5.25%. This makes it the most

operationally suitable detector for the ABB Detect stage.

The contributions of this thesis extend beyond the individual model results. The 57-fold
LOSO evaluation protocol reported in the bearing fault diagnosis literature. The four-year
longitudinal dataset and its consistent results across recording years provide evidence
that the proposed models are robust to the environmental variation and cumulative
wear and tear in long-term industrial deployments. The cross-architecture DeepSHAP
analysis provides actionable sensor-axis prioritization guidance that can inform future
hardware and feature engineering decisions. These contributions demonstrate that reli-
able, interpretable and speed-robust bearing health monitoring is achievable within the

ABB Detect—Predict-Recommend operational framework.

The findings of this thesis have several limitations which are documented in detail in
Section 5.4. The most important limitation is that the study was restricted to a single
fault mechanism specifically metallic dust contamination. A physical windowing con-
straint at very low rotational speeds also affected the analysis. These limitations mean
that further validation on additional fault types and motor configurations is necessary

before the proposed pipeline can be considered broadly generalizable.
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Nevertheless, within the scope of the experimental conditions studied, the results are

consistent and practically meaningful. This thesis establishes a foundation for the devel-

opment of bearing health monitoring systems that are both trustworthy and ready for

deployment in variable-speed industrial environments.

6.1 Future Work

The following are the good directions to follow on this research:

1.

FFT and RMS ensemble: Combining these two representations, which fail at dif-
ferent and complementary speed points, could potentially achieve reliable clas-
sification across the complete 0-1500 RPM range.

Temporal degradation characterization: The performance trajectory
across the 4-year period needs systematic study to understand how often re-
training would be required as sensor calibration and bearing surface conditions
evolve.

Other fault mechanisms: Validation on fatigue spalling and electrical discharge
damage would establish whether the FFT based and CNN based approaches gen-
eralize beyond contamination type faults.

Cross-motor and cross generalization: All models in this thesis were trained and
evaluated on a single testbed with a fixed bearing geometry and sensor place-
ment. Validating the proposed pipeline on motors with different bearing config-
urations, shaft sizes and sensor mounting positions would help whether the find-

ings can generalize beyond this setup.
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