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Abstract

The widespread incorporation of Internet of Things (IoT') devices in various systems such as
mobile phones, vehicles, and security systems is used to collect data. These large volumes
of data can be used to train models to make predictions about various things. One such
application that uses data from IoT devices is called predictive maintenance. Predictive
maintenance involves collecting data from machines and using algorithms to analyze the
machine’s condition or determine if the machine requires maintenance or repairs. Prior to
such a predictive approach, organizations would have to conduct scheduled check-ups for
their vehicles to find out if the vehicles needed any repairs or maintenance; however, the
scheduled check-ups resulted in downtime and shut-downs and so this proved to be costly
and time-inefficient, as many of the vehicles would not require any kind of maintenance or
repairs. The shift to predictive maintenance addresses these challenges by leveraging the
continuous data stream from IoT devices to predict and prevent failures.

This thesis presents a clustering-based algorithm to perform predictive maintenance by
detecting potential faults and gradual deterioration for IoT-based buses. The algorithm is
tested for the cooling system and the engine torque system of a bus from the Société de
Transport de 'Outaouais (STO) transit service. In order to overcome the lack of availability
of real-world data, this work also generates two synthetic time series datasets that contain
sensor readings belonging to the cooling system and the engine torque system to simulate
normal buses, and buses with underlying potential faults and gradual deterioration that the
standard maintenance systems would not detect. The synthetic data generation process
leverages deep learning frameworks such as Generative Adversarial Networks and Long
Short-Term Memory networks along with other statistical methods to make the data appear
as realistic as possible. The results from the experiments conducted using the predictive
models validate the reliability and accuracy of the proposed algorithm. The results showed
that using the predictive maintenance algorithm resulted in all the faults being clustered
accurately and appropriately based on the type of fault.

This thesis demonstrates that predictive maintenance not only enhances cost and time
efficiency but also significantly improves user safety by enabling preemptive maintenance
actions. While the predictive models implemented in this thesis focus on the cooling
and engine torque systems, the methodology proposed is flexible and can be extended to
other subsystems. Overall, this work contributes to the field of predictive maintenance
by presenting an efficient and practical solution that ensures the reliability and safety of
transportation systems.
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Chapter 1

Introduction

The widespread incorporation of Internet of Things (IoT) devices in various systems such
as mobile phones, vehicles, and security systems to gather data has contributed to the
emergence of Industry 4.0 [35]. These IoT devices collect large volumes of data, known
as big data, which prove to be very useful in gathering valuable insights about the user’s
experience and the device or component’s performance. One such artificial intelligence
application is called predictive maintenance, which uses such data, has gained popularity
and is being used by various organizations.

Predictive maintenance utilizes IoT devices embedded in different kinds of devices and
transport systems — road vehicles, railways, and airplanes — to collect data about their
performance, and uses algorithms and methods such as active databases (rule-based), math-
ematical models, machine learning, and deep learning to predict values such as the remain-
ing useful life (RUL) [119] of the machine or determine if the machine requires maintenance
or repairs, that is, it predicts the deterioration of a machine or a group of machines that
form a system.

Prior to such a predictive approach, organizations would have to conduct scheduled check-
ups for their vehicles to find out if the vehicles needed any repairs or maintenance; how-
ever, the scheduled check-ups resulted in downtime and shut-downs and so this proved
to be costly and time-inefficient, as many of the vehicles would not require any kind of
maintenance or repairs. Furthermore, unexpected breakdowns of vehicles resulted in the
organizations incurring heavy costs. Such unexpected breakdowns are common when or-
ganizations do not conduct periodic checks to save resources and time.

There are several maintenance strategies employed by organizations such as the aforemen-
tioned ones, they can be summarized into three primary categories —

1. Corrective maintenance: this is a reactive measure in which a component or sys-
tem has suffered failure and needs to be urgently repaired or replaced. Corrective
maintenance occurs as a result of unexpected and unscheduled events.

2. Preventive maintenance: this is a measure that most organizations have in place to
maintain the health and ensure the performance of the machinery. This measure
involves conducting periodic checks to make sure that nothing is wrong with the
equipment, and if a fault is found, maintenance activities are conducted accordingly.



3. Predictive maintenance: this is a measure that estimates and predicts the probability
of a component or equipment failing in the future. Such an approach allows organi-
zations to avoid unexpected failures and skip non-required periodic check-ups that
could be very costly.

The shift to predictive maintenance addresses these challenges by leveraging the continu-
ous data stream from IoT devices to predict and prevent failures. By identifying potential
issues before they escalate into major problems, predictive maintenance helps organiza-
tions optimize their maintenance schedules, reduce downtime, and minimize the risk of
unexpected breakdowns. This proactive approach not only improves the efficiency and
cost-effectiveness of maintenance activities but also enhances the reliability and longevity
of the equipment.

In conclusion, the integration of IoT devices and the subsequent rise of Industry 4.0 have
revolutionized maintenance strategies through the implementation of predictive mainte-
nance. This approach harnesses the power of big data and advanced analytics to provide
actionable insights, allowing organizations to transition from reactive to proactive main-
tenance practices. The result is a more efficient, cost-effective, and reliable maintenance
system that significantly reduces downtime and extends the useful life of critical assets.

1.1 Motivation

Most organizations contain preventive measures in place such as conducting periodic check-
ups to avoid unexpected failure of equipment [110]. However, most scheduled check-ups
result in no fault being found and prove to be unnecessary. A periodic maintenance ap-
proach such as this can prove to be inefficient and costly but it is still required to ensure
the health status of vehicles. Not doing so would potentially result in unexpected failures
of equipment causing downtime and shut-downs. Such critical failures can prove to be
extremely costly and must be avoided as much as possible. A way of contemplating the
costs associated would be to imagine a car breaking down abruptly, this would be followed
by having the car towed, diagnosing the vehicle for faults, and performing maintenance
activities such as repairs and/or replacements. If the same event is scaled to the extent
of an aircraft breaking down, or to an organization that owns a fleet of aircraft, then the
consequences could be severely drastic and costly. The monetary costs associated with
such a fleet system would be significant, in addition to this cost, and most importantly,
the safety of passengers is of the highest priority and unexpected failures could put them
in harm’s way and such loss is immeasurable. Predictive maintenance is an approach that
aims to solve these problems, it seeks to avoid requiring period check-ups as well as seeks
to notify users of potential failures so that maintenance or repairs can be conducted in
advance and avert any potential break-downs.

Predictive maintenance offers a solution to these issues. It aims to eliminate the need
for periodic check-ups and provides timely notifications of potential failures. This proac-
tive approach allows maintenance or repairs to be conducted in advance, preventing any
potential breakdowns. Predictive maintenance employs advanced technologies and data



analytics to monitor equipment consistently, analyze historical data, and predict when a
component is likely to fail. This method not only saves resources but also ensures safety
and increases efficiency by addressing issues before they lead to critical failures.

The work in this thesis aims to exactly do that, save resources, ensure safety, and increase
efficiency, by providing an approach for detecting potential faults and failures that can
isolate the cause of deterioration to a specific component or component group. This speci-
ficity simplifies the diagnostic process and ensures that maintenance is performed only
when necessary. This targeted approach minimizes downtime, reduces unnecessary main-
tenance activities, and enhances the overall reliability and safety of the equipment.

In summary, the shift from periodic maintenance to predictive maintenance represents a
significant advancement in asset management. It aligns maintenance activities more closely
with the actual condition of the equipment, thereby optimizing maintenance schedules, re-
ducing costs, and ensuring that critical systems operate without unexpected interruptions.
This thesis contributes to this field by developing methods to detect and diagnose poten-
tial faults more effectively, ensuring that organizations can maintain their equipment in
the most efficient and safe manner possible.

1.2 Challenges

Although the shift from traditional maintenance activities to predictive maintenance offers
significant advantages and benefits, there are challenges that need to be overcome to do
so [32,93]. Some of the significant challenges are as follows:

1. The development of reliable predictive maintenance models requires large amounts of
data for training and testing, however, in most cases, sufficient data is not available.

2. In addition to the quantity of data, the quality of the data available needs to be
good to ensure accuracy from the models and their ability to cover a wide range of
possible scenarios.

3. Most vehicles have a complex mechanism that includes various components. Devel-
oping a generalized system for such a mechanism that takes into account the different
operations and attributes of the components is difficult.

4. Many organizations may be concerned about the privacy and security of their data;
they may be hesitant to allow experts to directly collect and analyze their data.

5. Scaling predictive maintenance systems from a single vehicle to a large fleet can
require significant additional resources and extensive knowledge to distinguish small
abnormalities within a fleet.

The challenges that come with the incorporation of predictive maintenance seem daunting
but the advantages of predictive maintenance still make it a beneficial choice. The work
in this thesis attempts to tackle several of these challenges such as the data quality and
quantity issues along with privacy concerns can be mitigated by advanced synthetic data



generation methods, and the complexity and scalability concerns are addressed in this
thesis by presenting a predictive maintenance approach that can be scaled to a fleet of
vehicles.

1.3 Methodology

The work in this thesis presents an approach to conduct predictive maintenance by de-
tecting the gradual deterioration (or gradual faults) in the components of a public bus.
Gradual faults are often neither noticeable by the threshold mechanisms built around the
sensors on a vehicle nor visible to the eye until the deterioration progresses to a severe
level, resulting in either component failure or an immediate need for maintenance.

The data used in this thesis was collected in [66] from a public bus of the Société de
Transport de ’Outaouais (STO) transit service of the Ottawa-Gatineau region. The data
(containing sensor readings relevant to the cooling system and engine torque system) from
a single bus was used to generate synthetic data belonging to the cooling system to simulate
40 buses using Gretel Synthetic’s [52] PyTorch implementation of the doppleGANger [71]
(DGAN) model and then manually introducing temporal patterns and trends that were
not captured by the generative model. Similarly, the data collected from the bus was also
used to generate synthetic data pertaining to the engine torque system to simulate 38
buses. This was done using a combination of probability distribution fitting, rule-based
estimations, and the DGAN model.

After generating synthetic data, gradual deterioration in components was introduced to
a small percentage of the buses. The faults introduced are based on common knowledge
and heuristics, which are based on understanding the causes and effects of faults discussed
across numerous automotive forums and blogs. Finally, the generated data was used to
train clustering models to identify the sensor readings with deterioration or faults. This
way, individual models that identify abnormal sensor readings belonging to components
from the same bus can be grouped to identify the potential fault.

In summary, the approach presented in this thesis leverages advanced data generation
and machine learning techniques to implement a predictive maintenance system for pub-
lic buses. By simulating a larger fleet and introducing realistic fault scenarios, the study
demonstrates the potential of clustering models to detect gradual deterioration, ultimately
contributing to more efficient and reliable maintenance practices.

1.4 Contributions

The main contributions of this thesis are as follows:

1. Publication of Preliminary Results: Presented a paper [133] at the 2024 IEEE Cana-
dian Conference on Electrical and Computer Engineering (CCECE) outlining the
proposed methodology and initial results, which laid the foundation for the more
comprehensive analysis presented in this thesis.

4



2. A clustering approach to conduct predictive maintenance for an IoT-based vehicle.
The presented algorithm is tested on the cooling system and the engine torque system
of a public bus, but it could be extended to several other machines and vehicle
subsystems.

3. Two datasets containing a total of 78 simulated buses —

(a) A dataset containing synthetic sensor readings belonging to the cooling system
to simulate 40 buses along with additional test cases.

(b) A dataset containing synthetic sensor readings pertaining to the engine torque
system for 38 simulated buses.

Some of the simulated buses have gradual faults introduced to indicate functionality
and performance-related problems.

The datasets generated in this work incorporate various seasonal and operational factors
that may affect sensor readings without indicating faults. Hence, the datasets presented
in this work can be used to train and test machine learning algorithms — supervised and
unsupervised — for similar tasks while ensuring robustness.

1.5 Limitations

The limitations of the work in this thesis are as follows:

1. The presented predictive maintenance approach was tested and validated using syn-
thetic data, however, the approach’s credibility to work in real-world settings can
only be confirmed by testing it on real data from buses over a period of time.

2. A thorough effort was made to generate synthetic data to represent real data as
closely as possible, however, several factors such as the driver’s behavior and driving
patterns that may affect the sensor readings cannot be accounted for precisely.

3. The presented approach requires sensor data to be preprocessed to ensure that the
clustering approach can detect gradual faults without its performance getting im-
peded by the noisy structure of sensor data.

4. Due to technical issues, the data collected in [66] was only for a duration of ten hours,
hence, the synthetic data generated in this work was based on the analysis of sensor
data only from a single bus and only for a small duration.

5. Due to availability reasons, the presented approach could only be tested on two
subsystems of a bus. Real data for other subsystems such as the engine speed system
and the braking system were not available for analysis and generation.



1.6 Structure of the thesis

The outline of the thesis is as follows — Chapter 2 contains a thorough survey and analysis
of the existing predictive maintenance algorithms and methodologies across different modes
of transport, a background of synthetic data generation techniques and approaches, and
a background of popular machine learning algorithms mentioned in this thesis; Chapter
3 contains the proposed predictive maintenance algorithm, detailed explanations of the
steps in the algorithm, and relevant preprocessing techniques and hyperparameter tuning
techniques; Chapter 4 contains the analysis of the sensor data and the methodology to
generate synthetic data as well as the fault introduction process; Chapter 5 contains the
experiments conducted using the proposed predictive maintenance algorithm on the syn-
thetic data generated and the results of the experiments; and lastly, Chapter 6 concludes
the thesis by providing a summary of the work and pointing at interesting future directions
of research in the domain.



Chapter 2

Background and Related Works

2.1 Predictive Maintenance Survey

The concept of predictive maintenance has been around for a long time, however, the
recent surge in available data and machine learning algorithms has increased its popularity.
The main works are covered across three popular modes of transport — road vehicles
(automobiles), railways, and aircraft. Several approaches are used to conduct predictive
maintenance in these modes of transport such as using mathematical models, threshold-
based approaches, machine learning, deep learning, or a combination of these.

2.1.1 Related Surveys

The work in [35] conducts a survey on data-driven approaches for predictive maintenance
specifically in the railway industry; the approaches mentioned are essentially machine learn-
ing and deep learning approaches for performing the predictions. Furthermore, the survey
categorizes the proposed approaches based on the type of tasks, the frameworks used (or
algorithms), the evaluation metrics, the datasets used, and so on. The analysis in the
survey found that the increased loads on railway systems (due to increased production
of cargo and transportation) cause damages throughout the structure while also being
negatively impacted by certain environmental factors. The aim of the survey was to find
trends among existing works such as aspects of the railways being subject to predictive
maintenance methods, the type of data used for that purpose, the use and integration of
deep learning models for the specific applications, and the solutions provided and how they
are actually being used to perform the task of predictive maintenance within the railway
industry.

The authors in [130] present a review that describes the use cases of predictive mainte-
nance specifically in the automotive industry as well as discusses the challenges faced; they
too primarily conduct a survey on machine learning-based approaches for performing pre-
dictive maintenance. Furthermore, the survey categorizes the proposed approaches based
on the type of tasks and the frameworks used (or algorithms). The analysis of the works



surveyed in [130] gave the insights that the presence and availability of data for predictive
maintenance-related tasks would benefit the advancement of the field, also that the ap-
proaches primarily followed a supervised learning approach, multiple data sources further
improve the performance of the models, and that the use of deep learning methods includes
a trade-off between performance and the lack of interpretation of the models and the lack
of large volumes of labeled data. The aim of the conducted survey was to identify the most
occurring maintenance cases, the most popular machine learning frameworks used in the
approaches, and the most active authors.

The work in [110] presents a literature review of data-driven models as well for the pre-
dictive maintenance of railway tracks specifically. Furthermore, the literature review cat-
egorizes the proposed approaches based on the type of tasks and the frameworks used (or
algorithms). The review found that the popular approaches for performing the task of pre-
dictive maintenance are deep learning (as was concluded in the other works), unsupervised
learning techniques, and ensemble methods; the work also finds some of the top applica-
tions (or use cases) targeted in the works reviewed. The aim of conducting the literature
review was to determine popular measurement methods (or data collection techniques)
and the type of datasets used for the purpose of railway track engineering, the use and
integration of models for the tasks of predictive maintenance, and the factors determining
the selection of appropriate methods based on the type of data, type of issue, and so on.
The authors in [3] present a literature review of mathematical models and artificial intel-
ligence techniques for predictive maintenance specifically in the automotive sector. The
literature review summarizes the works reviewed in the paper and mentions their results
and the challenges that they faced. Upon analyzing the several approaches in the work,
the authors also conclude that the use of deep learning methods for the task of predictive
maintenance comes with a trade-off between achieving high accuracies and requiring large
volumes of data and being computationally expensive. Another common conclusion was
the lack of available datasets for encouraging advancement in the field of predictive main-
tenance. Consequently, the evaluation of the proposed models for real-world deployment
suffers due to the lack of real data and not synthetic data.

The work in [17] provides an analysis of the state of research advancements in prognostics
for aircraft systems by focusing on prominent algorithms and their practicality and chal-
lenges. The work highlights the importance of prognostic and health management (PHM)
in predicting the RUL to mitigate future breakdowns. The methodologies are grouped into
three categories: a) physics-based modeling, b) data-driven techniques, and ¢) hybrid prog-
nosis. The authors further discuss the the issues of lack of generalization, practicality, and
scalability in most of the works, and also the lack of available datasets to allow researchers
to validate their frameworks. Moreover, the authors conclude that although the incorpo-
ration of PHM in aircraft systems yields positive outcomes, research on the integration of
hybrid PHM applications is lacking. Lastly, the authors emphasize on the future aspects
and potential developments in hybrid prognostic approaches as having substantial scope.
The surveys related to the field of predictive maintenance mainly focus on only one mode
of transport, moreover, the recent surveys have only reviewed approaches based on data-
driven methods involving machine learning and deep learning algorithms. The survey pre-
sented in this thesis covers predictive maintenance algorithms and methodologies across
three different modes of transport. Furthermore, the survey also includes various types of



frameworks that are not limited to machine learning and deep learning.

2.1.2 Predictive Maintenance in Railways
Mathematical Modeling-based approaches
The authors in [99] propose a predictive maintenance approach for railway systems specif-

ically related to point systems. The work uses an Unobserved Components (UC) model
in a state space framework. Their proposed system RCM2 is based on the combination of

two maintenance techniques: Reliability Centered Maintenance (RCM1) [36] and Remote
Condition Monitoring (RCM2) [79].
The framework presented in [99] contains an Unobserved Components (UC) model set-up

in a State Space framework, this means that the model uses a reference curve to determine
how close or how far the new incoming information is (component data). The approach
uses data collected from manually introducing faults to the point mechanism of the rail-
way; the main data used was the direction of movement of the point mechanism while the
fault is characterized by the force vs. time curve. A threshold-based approach is used to
determine if the condition of the point mechanism is good or bad depending on how far
the input is from the reference curve. The threshold values are set from past experiences.
The work presented in [99] is relatively older and does not seem feasible to be deployed in
current situations due to how the railways have changed and the kind of data at hand but
the idea behind the predictive maintenance approach is more than a rule-based approach
which is widely used currently. Systems such as in [99] could be developed using much
more complex systems although the idea behind the approach is simple.

The authors in [61] propose a complex fuzzy system-based thermography approach for con-
ducting predictive maintenance in railways; their system is based on the concept of fuzzy
logic which uses mathematical formulations that take in input variables and pass them
through a set of rules to give out discrete outputs [145]. Their primary approach is to con-
sider thermal changes caused by environmental conditions such as seasons, daylight, and
the movement of trains. In their work, they capture thermal images of two components of
the railway systems — the railway track and the pantograph catenary system. The authors
state that the primary cause of failures in railway systems is due to the tension on the rail
as the expansion of the rails inevitably impacts the wheels too. Furthermore, friction and
overheating in the pantograph system caused by the electrical energy transmission from
the catenary system could also result in defects which could cause substantial damage.
In the proposed approach in [(1], features are extracted from the thermal images of the
contact point of the catenary wire and the joint points along the rail line. Furthermore,
they also included seasonal conditions to account for the temperature at the contact points
mentioned. The images captured were combined in a MATLAB environment (as the im-
ages were converted to signals) to be used for comparison with the results obtained from
the complex fuzzy system. The complex fuzzy system was developed using data available
about the medium such as annual temperature and annual daylight information. Also, a
total of two hundred images were taken using an NEC F30W thermal camera from a real-
world environment. The images were then processed using image and signal processing



techniques. The architecture proposed in [64] consists of two components — thermal image
processing and estimations using a complex fuzzy system. The images are captured and
processed and the distance between the rail lines is calculated; the fuzzy system is then
used to determine the ideal distance between the lines given the environmental factors
as the input; comparing the two obtained distances would then determine the health of
the rail line. In essence, if the distance between the estimated distance and the imaged
distance is too high, the track might deteriorate. Although the proposed method in [(4]
seems promising, the implementation in real-world scenarios might be extremely costly
and not worth it; the study is based on environmental factors that cannot be changed and
the results of the environmental factors seem obvious so installing thermal cameras and
carrying out the required processing and computation could be futile. Furthermore, the
images obtained would require further preprocessing and might be inaccurate due to the
movement and vibrations of the train. Also, the authors base their entire model on ther-
mography without any inclusion of other railway machine components that might require
maintenance too.

Condition-based approaches

The authors in [27] propose an approach for conducting predictive maintenance for railway
systems, specifically for railway tracks to monitor their degradation (specifically vertical
deformation of the tracks). Their primary objective is to consider the stochastic nature of
the real-world environments that potentially impact the conditions of railway lines that in
turn cause service disruptions. As opposed to traditional long-term-based approaches such
as scheduled maintenance, their approach is highly dynamic and relatively short-term as
they allow for disruptions and unexpected faults to be taken into account dynamically into
the model as parameters.

In essence, their focus is optimizing maintenance scheduling by using a predictive main-
tenance model while mainly focusing on the uncertainties (unexpected events) that follow
maintenance planning. The first step is predicting the probability of track failure by eval-
uating degradation. However, they do so by adopting a “rolling-horizon approach” [27],
as the name suggests, the model is designed to adapt to unexpected events (such as sud-
den significant degradation that could not be predicted beforehand). The “rolling-horizon
approach” [27] would then determine a maintenance schedule by including the unexpected
event in its calculations. The model is robust against unexpected events not only related
to the railway track’s condition but also unexpected events pertaining to the management.
The model to evaluate degradation follows a risk-based (threshold-based) approach that
is based on one of the railway management frameworks. In addition to the model, the
“rolling-horizon” [27] framework allows for unexpected events from a previous time step
to be added to any time step to make sure that previous schedules or fixes do not go
unattended (dynamic inclusion of uncertainties). Furthermore, the framework also tries to
increase the computational efficiency by reducing the number of railway lines monitored
or evaluated at once; instead of evaluating all the railway lines at once, smaller subsets are
taken thereby dividing the entire problem into sub-problems. Lastly, the authors in [27]
use a mixed integer linear programming (MILP) model to perform the task of maintenance
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scheduling. However, their proposed model is only relevant for frameworks containing a
single railway line.

The authors in their work in [27] implement or evaluate their model on a single-line track in
Sweden which was managed by Trafiverket (the Swedish Transport Administration). The
authors claimed that their evaluation resulted in the model being able to adapt to certain
uncertainties while delivering good performance. Although the proposed approach appears
to be robust against uncertainties, it still does not take into consideration the availability
of the tracks (free of trains) for scheduling maintenance which is a huge factor. Moreover,
a practical approach would still require long-term planning and scheduling which the pro-
posed approach does not consider. Lastly, the model’s performance has been evaluated
only on a single-track railway system which is far from being the real-world scenario.

The authors in [33] develop modules to facilitate the training of candidates in railcar learn-
ing factories. The modules contain several relevant components that are required for an
individual to get acquainted with artificial intelligence tasks such as data acquisition, data
preprocessing, data analytics, working with artificial neural networks, deployment of the
model, and so on. The objective was to demonstrate the use of artificial intelligence for
performing predictive maintenance by diagnosing wheel bearing conditions and predicting
the remaining useful life (RUL) [20]. The work involved training a neural network on past
data of the wheel bearing temperature using the Levenberg Marquardt algorithm [107] in
a MATLAB 2018a environment. The data acquisition module focused on how collecting
relevant data was based on its ability to determine the states of the components interested
in, the preprocessing module focused on filtering raw data to remove noise, the model
training module focused on the implementation of machine learning models by using the
relevant features as inputs, and finally, the deployment module focused on how to integrate
the models into existing systems to perform predictive maintenance in real-world environ-
ments. The work in [33] followed a rule-based approach for the prediction of the Remaining
Useful Life (RUL) [20] by deciding temperature ranges that could negatively impact t