
Predictive Maintenance by the
Detection of Gradual Faults in an

IoT-Enabled Public Bus

by

Gautam Vira

Thesis submitted to the
University of Ottawa

In partial fulfillment of the requirements
For the Master’s degree in

Computer Science

School of Electrical Engineering and Computer Science
Faculty of Engineering
University of Ottawa

© Gautam Vira, Ottawa, Canada, 2024



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 l’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-TermMemory 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.
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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 [140]. 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

2



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
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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 l’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 [74]
(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.
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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.
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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.
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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
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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 [140] 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 [8] 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 [47] 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 c) 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
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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) [86] 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 [64] 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 [64], 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
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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 [64]
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 the
wheel bearings and the severity of the impact, and also the performance of the lubricants
given the temperature ranges. Furthermore, an artificial neural network was trained based
on dynamic time series with the goal of predicting the temperature variations of the wheel
bearings. The neural network uses the Levenberg-Marquardt algorithm (also known as the
damped least-squares (DLS) algorithm) so a non-linear time series problem can be solved;
the model uses the Mean Squared Error (MSE) as the metric.
The developed training modules in [33] might prove to be useful to get beginners acquainted
with tackling a machine learning task but the demonstration of the modules does not pro-
pose any significant novelty to the field of existing predictive maintenance approaches. The
paper does not even elaborate on their deployment module; providing an architecture of
how the neural network could be deployed while collecting wheel bearing temperatures and
could have been more supportive of their work.

Machine Learning-based approaches

The work in [73] proposes a machine learning approach using large volumes of data to
improve the rail network velocity by conducting predictive maintenance. The authors use
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historical detector data, failure records, maintenance records, train type data, and weather
data to perform various analytics. The primary aim of the work is to use machine learning
approaches to make accurate predictions and obtain a set of human interpretable rules that
can be used by personnel to perform predictive maintenance. The large volume of detector
data is collected by IBM along with the US Class I railroad by installing detectors along
the rail tracks that log various mechanical observations (such as temperature, geometry,
etc) when a railway train passes by. The detector data is then merged with other records
such as failures, maintenance, and so on.
The work in [73] designs experiments to make predictions such as alarm predictions in
which extreme failures caused by hot bearings are predicted seven days in advance, bad
truck prediction in which the truck’s deteriorated performance is detected by analyzing
wheel patterns, bad wheel prediction in which wheel defects are detected using the wheel
patterns, and asymmetric wheel wearing detection in which a specific issue of the wheels
is detected. For the alarm prediction in [73], the first step was feature extraction in which
historical detector records were aggregated and statistical approaches were used to extract
features; hashing and parallelization were used to accelerate this process due to the large
volume of data. The second step was dimensionality reduction which was done by using
Principal Component Analysis (PCA). Finally, a variant of SVM was trained using the
processed data with the aim of predicting if a severe failure will occur after a few days.
The evaluation metrics for this task were true positivity rate and false positivity rate.
Lastly, there was the task of obtaining a set of rules which was done by making predictions
on the entire possible feature space (containing all possible values the input variables could
take) and then establishing ranges by the linearization of the grids.
The second task of failure prediction in [73] combines two other prediction tasks into one
− bad truck and bad wheel prediction. The modeling process of this and the previous task
is similar but has some significant differences. The data used for this task was collected by
extracting detector readings of the wheel/truck for a certain time window before an alarm
was raised (followed by a repair). Doing so gave the authors the detector readings that
would lead to a wheel or truck failure. A simple decision tree was used to predict if the
wheels or trucks would suffer failures in the next three months; the reason for doing so was
to obtain a set of rules; as every leaf of the decision tree would provide a basis for a logical
rule.
The work in [73] provides an approach that involves training and testing on a large volume
of data and achieving good results. However, the metric used for the first task could have
been an F1-score with the targeted class as predicting failure. Also, for the second task,
the authors do not mention extracting features from post-repair time windows to obtain
good detector readings to make it a binary classification. The methods provided do not
seem robust against concept drift as they make huge use of detectors on the railway side.
Lastly, the approaches provided are generic to all trains passing on a track (irrespective of
the type) and the models are not train-specific (not onboard).
The authors in [19] present the use of simple machine learning techniques for conduct-
ing predictive maintenance in railways, specifically for railway switches. Their work fo-
cuses mainly on employing tree-based machine learning algorithms to make various pre-
dictions. The authors believe that most railway systems are unable to fund the process
of installing additional equipment for collecting data and performing prognosis (predictive
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maintenance), so in their work, they use data collected from a sort of ticket system that is
used to generate maintenance requests. The system used for collecting the data was used
by a railway business.
The data collected from the maintenance report system results from four data sources: an
asset register which contains details about the switches such as the type, location, and
so on, the condition data which contains information about the most recent state of the
switches which is decided by visual inspection, the notifications file which contains informa-
tion about maintenance requests for the switches describing the details about the issues if
maintenance is needed or nothing if no maintenance action is required, and the work-orders
file which contains records about the maintenance actions that could be due to scheduled
inspections, unexpected events, or excess funding.
The work in [19] performs basic data preprocessing steps such as cleaning the data, data
type conversions, and using embedding techniques to handle string values. The authors
then analyze the data and find the most caused issues, the switch components experienc-
ing the most issues, and they selected the maintenance activities that contained the most
amount of samples and data. The feature extraction phase involved the elimination of
redundant features as well as uncorrelated features. Other popular data processing tech-
niques such as scaling or normalization were not performed because the authors believed
that such techniques do not impact the training of tree-based algorithms. The approach
in [19] uses tree-based models to make predictions − supervised learning algorithms −
because the data used in the work is labeled. The aforementioned notifications dataset
was labeled based on the information it contained − if a sample contained work-order
information, it means that the inspection resulted in maintenance, or else it meant that no
maintenance was needed. This dataset resulted in being imbalanced so the authors used
downsampling to even out the distribution of the dataset. Although the authors believed
that the dataset was highly imbalanced, it had more samples (>twenty percent) in the mi-
nority class than in the idea of a high imbalance problem (<ten percent). The models used
in the work are Decision Tree, Random Forest, and Gradient Boosted Tree. The Decision
Tree model is used to serve as a baseline for their work. Various evaluation metrics were
used for the models such as the accuracy and the F1-score.
The work in [19] proposes a simple and practical solution to the predictive maintenance
problem of railway switches that does not require additional costly installation of devices.
However, their work lacks exploration and novelty, the work did not try oversampling tech-
niques or a hybrid of over and undersampling, the authors did not use existing techniques
for proper hyperparameter tuning, and so on. A lot of improvements must be made to
their approach for it to be feasible for deployment to a real-world scenario.

Deep Learning-based approaches

The authors in [48] propose an approach to predict rail and geometry defects and determine
required inspections by integrating predictions with maintenance scheduling activities for
railways. The work also proposes methods to avoid false negatives as the authors believe
that it is much more costly to not detect a defect than to raise a false alarm. The authors
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claim that the proposed architecture in [48] is robust against changing conditions. The
architecture uses clustering methods, tree-based algorithms, recurrent neural networks,
and reinforcement learning approaches. The data used in this work is rail data gathered
over two years and contains three different datasets: a defect dataset that contains rail
and geometry defects (and the type/category) found in segments of a railway network, an
inspection dataset that includes the type of inspections conducted, the segments of the
network inspected and so on, and finally a load information dataset that includes the daily
load (total gross tonnage) endured by the segments of the railway network. The authors
also matched the defects to the inspections conducted to better understand the distribution
of the data.
The work in [48] suggests the clustering of railway segments that have common characteris-
tics such as loads endured, seasonal conditions, and so on because the authors believe that
a generalized approach may fail to determine the specific conditions resulting in defects
for segments experiencing different conditions. They adopt the K-Means algorithm [54]
to determine the optimal number of clusters such that each cluster has enough data to
train the models, and also to perform feature selection. The machine learning models used
in [48] for defect predictions are Random Forests (RF) and Recurrent Neural Networks
(RNN), however, the architectures chosen are not very deep to avoid overfitting and to re-
duce computation complexity. The Mean Absolute Error (MAE) and Mean Squared Error
(MSE) are used as metrics to maximize the accuracy of the models. Lastly, Multinomial
Ordinal Regression is used to fit the outputs of the models to the relevant defect category.
The performance of the models seems to be fair, however, the models have a tendency to
mislabel defects and undershoot (increasing false negatives) due to the class imbalance in
the dataset; as mentioned earlier, the authors believe that false negatives may prove to be
way more costly than false positives so they propose a hybrid version by developing a loss
function using Particle Swarm Optimization (PSO) [65] that combines the two machine
learning models used; doing so did decrease the average undershooting of the framework.
In addition to the defect prediction, the work in [48] also provides an approach for main-
tenance scheduling that aims at taking into account the stochastic nature of defect occur-
rences using reinforcement learning techniques. The authors use a Markov Decision Process
(MDP) [103] model to determine an optimal scheduling policy that minimizes the incurred
costs given a set of states and actions. The results of the MDP model suggest that following
a threshold-based approach is best for scheduling maintenance or inspections. Lastly, the
authors introduce Restless Bandits [138] to make the scheduling policy more practical by
introducing the factor of inspection crew limitation. The Restless Bandits mathematical
model allows for dynamic updates depending on the situation and optimally allocates the
resources with the aim of minimizing the cost.
The work in [48] appears to be extensive and robust while using easy-to-obtain data, how-
ever, the scheduling policies do not take into consideration the availability of inspection
crews based on geographic factors. The entire workflow of the work might seem a little
complex and difficult to implement for use in a real-world scenario.
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2.1.3 Predictive Maintenance in Automobiles

Mathematical Modeling-based approaches

The work in [72] proposes an approach using Multi-Target Probability Estimation (M-
IFN [16]) algorithms to conduct predictive maintenance in cars. The data used in this
work contains sensor measurements and warranty claims (synthetic data and not real-
world data) that are used to predict the probability and the time of failure (with the goal
of notifying the user one or two weeks prior to the failure of a system) of a particular
subsystem of cars. The proposed framework is compared to other models such as the
single-target probability estimation (InfoFuzzy Networks [16]) algorithm and a reliability
analysis model by Weibull.
The proposed work in [72] offers a novel mathematical approach for conducting predic-
tive maintenance, however, the evaluation and case study are conducted on synthetic data
which could not certainly determine if the approach is ready for real-world situations; the
requirement of real data for validation purposes is vital to correctly evaluate the perfor-
mance of models.

Condition-based approaches

The authors in [122] propose an IoT-based predictive maintenance approach for an au-
tomobile fleet system. Their approach primarily consists of retrieving data via sensors
embedded in vehicles and sending them to the cloud via IoT Gateways. The authors pro-
posed a communication framework for vehicles to communicate with the cloud.
The work in [122] uses the Message Queue Telemetry Transport (MQTT) protocol − a flex-
ible publish/subscribe-based messaging protocol − to enable communication between the
vehicles and the server. The reason for doing so is that the MQTT protocol is lightweight
and the IoT Edge does not have high computational power, limited storage, and due to
being embedded in the vehicle, may not have strong connectivity. Within this messaging
protocol, the vehicles of the fleet act as the clients and transmit sensor data to the cloud
which acts as the broker. In order to implement the MQTT Protocol, libraries such as
Eclipse Mosquitto [41] act as the MQTT Broker, and Eclipse Paho [42] provides libraries
for MQTT Clients.
The authors further propose a framework for the entire implementation which follows a
threshold-based approach to determine faulty components of the vehicles, however, they do
not provide any description or evidence of how they came up with the thresholds. More-
over, they do not even list the thresholds or explain if they are based on individual vehicles
or established via fleet-wide analysis.
Although the proposed approach in [122] seems viable, the work does not contain any
relevant implementation of their framework - neither in real life nor in a simulation - the
authors just hypothesize the performance of their model and perform some calculations to
determine several percentages in savings if their approach is used.
The authors in [122] display a sample implementation of their proposed architecture via
simulating a single connected vehicle but do not provide any results or evaluations based
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on that, they do not even elaborate on the kind of data used to simulate the behavior of
the car, that is, if they used any past data or used synthetic data.
The authors in [66] propose an unsupervised approach for dynamically selecting sensors
to conduct predictive maintenance on a fleet of buses. The proposed work aims at pre-
senting an improvement to an existing solution − the consensus self-organized models
(COSMO) [20] approach − which involves finding deviations in signals or datastreams in
a dynamic environment. The authors also propose an IoT architecture that contains three
nodes − the vehicle node (representing the vehicle), the server leader node (representing
a region containing several vehicles), and the root node (represents the entire fleet) − to
enable data collection, storage and processing, and fleet administration. The authors gath-
ered sensor data from a single public transport bus and simulated the behaviors of several
buses using synthetic data characterized by faults and repairs.
The proposed IoT architecture proposed in [66] contains three layers − the perception
layer (which contains the vehicle node) which provides an interface to the edge (sen-
sors, networks, embedded systems) and performs lightweight storage and machine learning
tasks. It connects to the second layer − the middleware layer (which contains the server
leader nodes) − using the MQTT protocol for the same reasons as the ones mentioned in
work [122]. The nodes in the middleware layer perform heavier tasks compared to the pre-
vious layer. The middleware layer in addition also has an interface to the uppermost layer
− the application layer (which contains the root node) − using HTTPS. The application
layer provides the main interface to the entire fleet via the root node.
The approach in [66] shares similar phases with the original COSMO [20] method which
include sensor selection based on interestingness. Non-random and stable signals are con-
sidered as interesting signals [66]. Another similar phase would be the deviation detection
phase which involves comparing a test bus to the entire fleet using distance metrics to
compare the deviation of the test bus sensor data. However, the proposed method − im-
proved consensus self-organized models (ICOSMO) − periodically reorganizes the selected
sensors as opposed to its predecessor and so it does not require going through the sensor
selection process again. ICOSMO reorganizes the sensors based on their contributions and
their potential contributions in finding deviations.
The work proposed in [66] seems feasible as it utilizes data collected from a real-world sce-
nario and it also proposes an architecture that could be possible to implement. However,
the authors mention that the proposed model is not immune to concept drift so testing
the model across several climatic, terrain, and traffic conditions might yield different re-
sults. Furthermore, the model was evaluated for a fleet using data from only a single bus;
evaluation of the model on real rather than synthetic data might also yield different results.

Machine Learning-based approaches

The authors in [49] propose a data-driven pipeline called PREPIPE for conducting pre-
dictive maintenance in automobiles. The work aims at predicting the clogging status of
the oxygen sensor (also known as lambda sensor) which is placed in the exhaust system
of vehicles. The purpose behind the prediction is to control the combustion efficiency of
the engine control unit and to control pollutant emissions. The data used in the work is
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collected by using a diesel engine equipped with standard sensors as well as some additional
sensors. The engine is then exercised via different loads and gas pedal presses to emulate
different driving conditions. The data collection process uses two approaches − one collects
data for an entire time-cycle at a lower frequency while the other only collects data for the
last few minutes but at a higher frequency − however, the latter is only used to perform
the prediction tasks. The collected data is then labeled with the help of domain experts
based on the status of the oxygen sensor. The labeling of the time cycles is done using
certain thresholds established and the labels define the severity of clogging of the oxygen
sensor.
The proposed pipeline in [49] contains several steps starting with signal selection in which
various supervised techniques (as they are able to determine the ability of all features to
make predictions but this approach is time-consuming) and unsupervised techniques (that
use statistical methods such as correlation and similarity) are tested to determine the best
subset of signals that are able to well-define the status of the oxygen sensor. The next step
is the windowing step in which the correct time window size of the signals is determined
which is able to correctly evaluate the status of the oxygen sensor. Then the feature ex-
traction phase converts the signals into useful features that represent the characteristics of
the time series and can be used as inputs to the machine learning models. After extract-
ing the features, the feature selection phase using supervised learning methods determines
which of them should be used and which of them are not related to the target status. Be-
cause the current features only represent the present status of the sensor, a historicization
phase determines if adding features from past cycles could improve the performance of
the models, this is done by using feature selection again. Lastly, models such as decision
trees, random forest, support vector machines, and neural networks are trained and tested
using the cleaned and processed data. The metrics used to evaluate the performance of
the models are F1-score and accuracy.
The results suggested that the feature selection and the signal selection steps greatly im-
prove the score for the target class which is predicting when the oxygen sensor is severely
clogged. However, the results table provided in the paper displays that historicization
performs better than the signal selection step. The authors then compare their proposed
pipeline with some deep learning approaches such as convolution neural networks and
LSTMs and conclude that their model performs better but that might be largely due to
the limited size of their dataset as deep learning methods (such as RNNs) would require
larger time series to extract the patterns.
The work in [49] yields some interesting results however, some of the results mentioned
contradict the results displayed in the paper. Furthermore, their comparison approaches
do not seem fair given the size of data fed to models that require a large amount of data.
Moreover, the approach proposed is not robust against concept drift and would have to
manually be configured.

Deep Learning-based approaches

The work in [26] proposes a deep learning-based approach for conducting predictive main-
tenance in a fleet of automobiles by using Geographic Information Systems (GIS) [24] data.
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GIS is a tool that can be used to retrieve geographical information such as weather and
terrain data for a given location. They use time-between-failures (TBF), which is the time
(in days) for an automobile between two consecutive breakdowns, as the target output for
their neural network.
The work in [26] uses data from two sources − historical maintenance data containing
failure information from a sizable fleet system and GIS data, specifically climatic features:
temperature and rain. The authors used the vehicles’ longitude and latitude to gather the
mentioned GIS data and added it to the dataset, they also believed that additional GIS
data such as traffic and terrain would be difficult to gather and its correctness could not
be relied on compared to historical weather data which is easier to gather from various
public sources.
The network architecture proposed in [26] consists of a deep learning model. Firstly, the
nominal features from the historical vehicle data were one-hot encoded but this resulted
in the dimensionality becoming too high and making the dataset sparse, so the one-hot
encoded data was passed through an autoencoder to reduce its dimensionality. The histor-
ical data was then combined with the GIS data and used to train the deep neural network.
Lastly, the weights of the input layer were extracted to determine the importance of all
features. The authors in [26] found out that incorporating GIS data along with vehicle
maintenance data did benefit the overall performance of the neural network. Moreover,
they found out that a few climatic features were way more relevant than some vehicle
features.
Although the work in [26] displayed improved and promising results, it only uses time-
between-failures as the output which could be used to tell us approximately when a car
would break down. The work does not contain any functionality for failure detection, the
evaluation metric used in the work is Root Mean Squared Error (RMSE) and the best re-
sults have an RMSE of more than a year so adopting this approach in a real-world scenario
does not seem feasible. Furthermore, incorporating the GIS data along with the historical
data only improved the score by approximately one day which again needs to be weighed
against the cost of retrieving such data and using it to train a model that is more complex.

2.1.4 Predictive Maintenance in Aircraft

Mathematical Modeling-based approaches

The authors in [131] propose an approach that uses proportional hazard models (PHM) [71]
for the reliability estimation of components of aircraft by identifying operational factors
that impact those components. Two types of Proportional Hazard Models are imple-
mented: time-dependent and time-independent which use the operational attributes as
covariates. The work follows a data-driven approach and uses historical maintenance and
operational data. The data is received from a fleet of aircraft operating in the Asia-Pacific
region.
The method proposed in [131] contains identifying data related to components from the
maintenance dataset and the corresponding data of the components are extracted from
the flight information dataset. The components are then categorized in two ways: un-
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expected failure requiring unscheduled maintenance or maintenance as part of scheduled
maintenance. The next step is to identify the flights that could have caused the unexpected
failure of a particular component. This identification is done based on the time at which
the maintenance occurred and by retrieving the flights prior to the maintenance based on
a time frame. The data is then analyzed using two approaches: Extreme Value Analysis
(EVA) in which the flights chosen for a particular component failure are narrowed down
to a single flight that has the most abnormal operational feature values, and the Maxi-
mum Difference Analysis (MDA) in which the operational factors are chosen based on their
probability of causing unexpected failures of a particular component.
The previously mentioned steps were important for preprocessing and analyzing the data at
hand. The next step involves the modeling for reliability estimation; firstly a Generalized
Renewal Process model is used as a baseline that does not include any operational factors
and only the times of the two categories. The time-dependent proportional hazard model
is used by introducing covariates (to a Generalized Renewal Process model) that are the
means of the operational factors’ values for one flight. The time-independent proportional
hazard model is used by introducing covariates that are operational factors’ values that
vary over time for all flights related to the component failure.
The metrics used for the evaluation of the reliability models are Maximum Likelihood Es-
timation (MLE) and the goodness-of-fit. The evaluation results suggested that the time-
dependent proportional hazards model had better results, especially for a larger number of
operational factors but that resulted in heavy computation times. An additional use other
than scheduling maintenance based on the reliability estimates would be to conversely pre-
dict the values of the covariates and use them to determine failure probabilities for a future
time.
The work in [131] proposes a unique approach for failure predictions, however, their ex-
perimentation involved training and testing on the same dataset without any split causing
data leakage (due to limited data), as such, further tests would have to be conducted to
properly evaluate their work. Secondly, the number of operational factors chosen needs
to be better justified for reliability estimation. Also, the impact of one component on the
failure of another should be investigated. The estimations with good scores are computa-
tionally expensive and could not be used in a real-time situation, also the overall accuracy
of the model needs to be tested due to the reasons mentioned earlier regarding the data,
so the deployment of this method in a real-world scenario does not seem feasible.
The work in [132] proposes a method for conducting predictive maintenance of redundant
aircraft systems that have various degradation trends and wear values. The aim of this
work is to optimize the maintenance planning of the systems based on their wear profiles
and Remaining Useful Life (RUL) estimate while minimizing the costs and considering
other operational aspects of an airline that influence the maintenance process. In addi-
tion to the optimization problem, the work also presents methods of estimating the future
degradation trends of components based on an assumption of their wear profiles. The data
used in this work is field data from hydraulic systems.
The work in [132] involves a method to identify a wear model (from a multiple model
method) for a component that is degrading non-linearly or without a specific interval
time frame by the use of an Extended Kalman Filter. Another step includes using a
multiple-model approach to analyze systems that contain multiple wear profiles of aircraft
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components, this is to avoid the problem of selecting a single model that would accurately
represent the wear pattern of a component. Then the optimization of the maintenance
planning of the degrading systems is done by considering the operational factors of an
airline (limitations) and also minimizing the costs. Lastly, a combination of the methods
is used to conduct all the predictions and predict future operational costs for finding the
optimal maintenance schedules.
The optimization problem in [132] specifically pertains to line maintenance of aeronautical
systems. Line maintenance is a situation resulting in unscheduled maintenance caused due
to unexpected events or scheduled maintenance not requiring any special training, equip-
ment, or facilities. The problem is solved by focusing on the redundancy of components
and their extent of degradation as well the future estimates of their degradation to calcu-
late the future operational costs while taking into account certain constraints or limitations
that might cause disruptions.
The methods proposed in [132] take into consideration a lot of factors and might be able to
provide an optimal solution for maintenance planning however, their proposed algorithm
involves an exhaustive search method, which might be computationally very costly and
even infeasible due to the stochastic nature of the maintenance process as pointed out by
the other works.

Machine Learning-based approaches

The authors in [43] present an approach to use Particle Swarm Optimization (PSO) [103]
for model selection and feature selection to perform predictive maintenance by predicting
the Remaining Useful Life of aircraft engines. The authors used support vector machines
for the task, more specifically a variant of support vector machines − ϵ-SVR (Support Vec-
tor Regression) [40]. The reason for choosing this variant is that it allows for minimizing
the generalized error as opposed to the standard support vector regression machine which
aims at minimizing the training error. The primary purpose of this work is to propose
an approach that involves the simultaneous tackling of two important machine learning
tasks − feature selection and hyperparameter tuning − using Particle Swarm Optimiza-
tion (PSO) and they used the task of Remaining Useful Life (RUL) prediction to support
and evaluate their work. The dataset used in this work was provided by NASA in [46] and
contains the remaining flight duration for electric aircraft.
The approach in [43] performs basic preprocessing − just splitting the dataset into a train-
ing test and a test set. The training phase of the approach relies majorly on Particle
Swarm Optimization (PSO) as it is used for feature selection (to eliminate redundancy
and irrelevant inputs). Lastly, the testing phase is also simple as it just involves testing
the performance of the support vector machine model on the test set. The metrics used
for the evaluation of their model are the Mean Absolute Percentage Error (MAPE) and
the Mean Absolute Error (MAE).
The authors in [43] believed that the features would have to be converted to a binary
vector of the length of the number of features for PSO to be used for feature selection.
Consequently, the binary version of Particle Swarm Optimization is used for selecting rel-
evant features. The model selection (finding the optimal hyperparameters for the support
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vector regression model) was conducted in parallel by using the continuous Particle Swarm
Optimization variant. The Particle Swarm Optimization Algorithms are run iteratively,
separately, and simultaneously until the optimal results are found which are then fed to
the SVM model to be trained and tested.
The work in [43] primarily focuses on the use of Particle Swarm Optimization and uses
predictive maintenance incorrectly. The work does not use a relevant dataset for a main-
tenance problem but for a battery consumption problem. Furthermore, the authors claim
their problem was a big data problem while they used a small number of samples with a
small number of features. Furthermore, the authors just used one machine learning algo-
rithm - a variant of the Support Vector Regression Machine - to support their entire work
without using any other models for comparison.
The work in [69] proposes a regression solution for performing predictive maintenance by
using only the event logs from post-flight reports. The flight reports consist of event logs
that contain information about equipment failure along with some other description such
as the system or subsystem that may have caused it. The aim of the regression model is to
predict the next occurrence of an event (event of interest or target event). The regression
model does so by determining the risk that the event might occur given the past set of
events. The proposed method was evaluated on data received from a fleet of aircraft and
the target prediction made was the failure of components related to the landing gear.
As mentioned earlier, the event logs consist of a timestamp, a unique identifier, a descrip-
tion of the failure containing the systems, and so on. The proposed work in [69] only
requires the timestamp and the event id (unique identifier). The events from the log are
preprocessed in a few steps starting with removing events that occur rarely, repeated events
within a single time segment are removed so a single time segment will have unique events
(doing so reduces noise), events that occur frequently are penalized as they might be trivial
and might add noise (the authors suggest a token embedding approach to do so), events
occurring in consecutive time segments are removed and only the first event is used as they
might be trivial and might add noise, and lastly, the feature selection phase.
The work in [69] uses a Multiple Instance Learning (MIL) [78] approach as the authors
believe that the target event is related to a bunch of instances and not just a single in-
stance. In other words, the aim of the regression model is to predict the chance an event
occurs based on its preceding events (a bunch and not all) and not just one related event.
Another concern that the authors had was the imbalance in the event occurrences (catas-
trophic events occur rarely) so to address this problem and the problem of having unrelated
preceding events, a sliding window approach is adopted to perform oversampling of the rel-
evant intervals.
A random forest model is used to implement the method proposed in [69] by training and
testing it. For comparison, a binary classifier was trained that took in a bunch of instances
as input (based on the Multiple Instance Learning (MIL) approach) and predicted if the
target event will occur. The deployment of the proposed model would include inputting
the time series data and the output would be the risk of the event occurring for each time
step, deciding whether the target event would occur or not was based on an established
threshold.
The work in [69] claims to be the first approach that uses only the post-flight reports to
develop a model for performing predictive maintenance but their approach does not use
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any features relevant to causing the target failure such as the components of the aircraft,
maintenance types, and other flight-related information. Furthermore, the scores achieved
by their model are low and so deploying their approach in a real-world scenario does not
seem practical.
The authors in [13] propose an analysis system that uses clustering, an unsupervised learn-
ing technique, to perform predictive maintenance in aircraft, specifically in aero-engines.
The work uses the Train FD001 dataset that contains simulated degradation data of aero-
engines and uses a subset from the C-MAPSS dataset to evaluate the performance of the
trained model. The proposed work in [13] reports that the proposed system was able to
lower the costs associated with maintenance activities and also increase the aircraft’s up-
time. The aim of the proposed work is to predict the state of the aero-engines and the
decision on whether to conduct maintenance or not is carried out.
The architecture in [13] uses Principle Component Analysis (PCA) to reduce the dataset’s
dimensionality and perform feature extraction. The work uses the K-Means Clustering
algorithm to perform the unsupervised learning task. The clustering approach works in
line with an anomaly detection approach in which the datapoints that are away from the
dense regions are marked as abnormal; this follows a step that determines the transition
of a datapoint from the dense region to the outlier region thereby proposing a predictive
maintenance approach.
The approach is similar to the one presented in this work, however, [13] primarily follows
the idea of anomaly detection by finding points that are away from the dense region, as
opposed to detecting specific potential faults in individual components; some aero-engines
would have to be on the verge of failure for them to be marked as an anomaly in a large
fleet of aircraft. Additionally, using PCA to reduce the size of the dataset (dimensionality
reduction) may also result in the loss of key trends and features present in the data over
time. Hence, reducing the dimensions of sensor data may not be the ideal move when con-
sidering complex temporal trends. Furthermore, they only use Euclidean distance as the
metric for clustering, which may not give accurate results for data with noise and would be
unable to capture and interpret complex trends. Consequently, many normal engines were
clustered as ”alarming”, whereas, only 4 from the dataset actually needed maintenance;
hence, resulting in a significant number of potential false positives. This implies that their
model overgeneralizes and misclassifies based on density and not actual abnormalities and
gradual, underlying faults.

Deep Learning-based approaches

The authors in [141] propose an architecture to conduct predictive maintenance in aircraft
by using convolutional transformers. In addition to proposing a model for the task, their
work also introduces a multivariate time series dataset of many labeled flights consisting
of sensor data called the National General Aviation Flight Information Database − Main-
tenance Classification (NGAFID-MC) dataset.
The presented dataset in [141] was created using five years of textual maintenance records
retrieved from the NGAFID. The records were clustered based on the type of maintenance
issue which were then validated by domain experts. The individual flights were then ex-
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tracted and labeled as ‘before’ or ‘after’ depending on whether the flights occurred before
or after a maintenance action using a maintenance record log. The work in [141] focused
on two maintenance issues as they contained the majority of the records while the others
contained very small numbers of records. For individual maintenance issues, five flights
before the date of maintenance action were extracted as bad flights (implying that those
flights lead to defects) and five flights after the maintenance action date were marked as
good flights (implying that the flights were in good condition, free of defects).
The authors in [141] believed that a deep learning approach should be the way to tackle
the problem at hand as feature selection (using feature importance analysis) would not be
practical due to stochastic factors and due to the kind of data. Also, the data used is time
series containing sequences of a large number of time steps so a deep learning framework
would be viable. Furthermore, the authors chose simple augmentation methods for their
data to avoid complexity as advanced methods would require the training of additional
generative models. The work used image augmentation techniques as opposed to tradi-
tional time series augmentation techniques as the authors felt that those were not suitable
for the kind of data they used. The image augmentation techniques used were cutmix,
cutout, and mixup.
The architecture of the network proposed in the work [141] is called Convolutional Multi-
Headed Self Attention (Conv-MHSA). The architecture takes in the input data and passes
it through a series of 1D Convolutional layers to extract sequence embeddings from the
inputs while also reducing the resolution of the input to lower complexity. The sequence
embeddings are then passed through stacked MHSA encoder layers after which the output
is pooled and passed through a dense layer to get a prediction. The authors also used
other architectures such as Convolutional Long Short-Term Memory Networks and Con-
volutional Gated Recurrent Unit (GRU) Variational Auto Encoders for comparison with
their proposed architecture.
The presented dataset in [141] serves as a benchmark in multivariate time series classi-
fication and could potentially help in enabling further studies in the domain, however,
the dataset could contain mislabeled datapoints due to the stochastic nature of mainte-
nance. Secondly, the proposed architecture seems to perform better than the other models
employed for comparison in terms of computation complexity as well as classification per-
formance but the model only takes in the last few thousand time steps per flight as inputs;
a more deployable approach would require being able to take at least a full flight’s data at
once to find patterns and make predictions. Also, the current model does not predict the
kind of maintenance issue so requiring a full check-up might be expensive.

2.1.5 Summary

The summaries of the mentioned works have been provided in the tables in this subsec-
tion. The works have been grouped and categorized by the main methods used in their
frameworks, the categories include mathematical models such as statistical approaches,
threshold-based models that follow a threshold-based approach for estimations, deep learn-
ing models, and machine learning models such as ensembles, tree-based, and SVM models
that are not deep neural network frameworks. The summaries include the type of methods
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used, the task for which that type of method was used, the dataset (type of data) used
for the task, and the work that proposed the method. Table 2.1 provides a summary of
works related to automobiles, Table 2.2 provides a summary of works related to railways,
and Table 2.3 provides a summary of works related to aircraft.

Method Work Task Dataset
Mathematical
Models

[66] Dynamic sensor selection Sensor data and synthetic
data

[72] Probability and time of
failure prediction

Sensor measurement and
warranty record data

Condition-based
[122] IoT-based predictive main-

tenance
(Unknown)

[66] Deviation detection Sensor data and synthetic
data

[20] Deviation detection Fleet sensor data

Deep Learning
[26] TBF prediction Historical maintenance

data and GIS data
[49] Oxygen sensor clogging

prediction
Diesel engine sensor data

Machine Learning
(Non-Deep Learn-
ing)

[49] Feature selection and oxy-
gen sensor clogging predic-
tion

Diesel engine sensor data

Table 2.1: Summary of predictive maintenance approaches for automobiles
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Method Work Task Dataset

Mathematical
Models

[27] Dynamic inclusion of
uncertainties and mainte-
nance scheduling

Single-line track data

[48] Fitting outputs to relevant
classes and hybridization

Defect, inspection, and
load information data

[99] Point systems fault analy-
sis

Experimentally collected
data

Condition-based
[27] Degradation evaluation Single-line track data
[33] RUL prediction Wheel bearing data

Deep Learning
[33] Demonstration of training

modules
Wheel bearing data

[48] Rail defect prediction and
maintenance scheduling

Defect, inspection, and
load information data

Machine Learning
(Non-Deep
Learning)

[64] Estimation of track and
pantograph system deteri-
oration

Thermal images

[48] Rail defect prediction and
clustering

Defect, inspection, and
load information data

[73] Extreme failure and bad
component prediction, ob-
taining rule sets

Detector data, failure and
maintenance records

[19] Railway switch issue pre-
dictions

Maintenance request sys-
tem data

Table 2.2: Summary of predictive maintenance approaches for railways
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Method Work Task Dataset

Mathematical
Models

[69] Oversampling and bagging
instances for training

Post-flight reports contain-
ing maintenance event logs

[131] Identification of opera-
tional factors impacting
aircraft components and
reliability estimation

Maintenance and opera-
tional data

[132] Component wear profile
analysis and degradation
estimation, maintenance
scheduling

Hydraulic systems field
data

Deep Learning [141] Maintenance issue predic-
tion

Multivariate time series
sensor data

Machine Learning
(Non-Deep
Learning)

[43] Model and feature selec-
tion, RUL prediction

Electric aircraft data by
NASA

[69] Target event prediction Post-flight reports contain-
ing maintenance event logs

[13] Aero-engine degradation
prediction

Synthetic degradation data
and test data

Table 2.3: Summary of predictive maintenance approaches for aircraft

2.2 Synthetic Data Generation

Synthetic data is data that is not recorded by actions or occurrences in the real world
but is generated manually and artificially for specific tasks [60]. Some of the main reasons
for generating synthetic data are to simulate real-world scenarios and to test algorithms
and models for real-world scenarios [92]. Another important use of generating synthetic
data is for privacy concerns − in situations including sensitive data (such as medical/legal
records), this data may not be publicly available due to privacy concerns of the users,
however, generating synthetic data based on the real data can help in extracting the use-
ful information and trends, and in replicating the same in artificially created data while
maintaining user confidentiality [3, 12, 104]. Moreover, in situations where sufficient real
data is not available for the purpose of training and testing machine learning models, the
generation of synthetic data based on the real data can help in providing the data required
for the task [89, 92]. Generating synthetic data is cheaper and quicker in such cases when
compared to developing systems for further data collection and waiting for the collection
process to gather sufficient data.
The generation and use of synthetic data depend on the situation [39]. In general, there
are two types of synthetic data −

• Fully synthetic data - in this case, the synthetic data is not generated by using any
real-world data. This type of synthetic data is generated when only the variables of
the data are known but there is no actual data to extract information from.
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• Partially synthetic data - the synthetic data is generated by extracting information
from real-world data. This type of synthetic data retains underlying features and
information from real-world data and is able to imitate it while discarding sensitive
information (such as names, identifiers, etc.).

There are several techniques to generate synthetic data that are based on the type of
data to be generated, the complexity of the technique, and the uses of the synthetic data.
Synthetic data generated can be of various types such as tabular data, images, text, time
series, videos, and so on. The following subsections describe some popular synthetic data
generation techniques.

2.2.1 Using a statistical distribution

Using a statistical distribution to generate synthetic data involves analyzing the real-world
data and its underlying distribution. Computations and algorithms are created to perform
statistical tests and analysis on real-world data to generate synthetic data that contains
a distribution close to the real-world data [77, 100]. The statistical tests and analysis of
the real-world data yield the underlying distribution of the data or its best fit to an exist-
ing probability distribution type such as the normal distribution, exponential distribution,
uniform distribution, and more. After identifying the closest distribution to the real-world
data and its statistical parameters to establish the data’s domain, value range, and other
statistical attributes, random samples can be drawn from the distribution to generate syn-
thetic data. Doing so results in synthetic samples being chosen from a distribution very
similar to that of the real-world data. Thus, the resultant synthetic dataset will have
similar statistical attributes and values to replicate real-world scenarios while maintaining
differences from real data [44].
In the absence of any real-world data, this method can still be used if there is an under-
standing of the data variables and their respective distribution parameters. For example,
to generate synthetic ages of drivers in a city, it is justified to assume that the age of the
drivers will be above 18 and have a mean of approximately 35 [121]. This knowledge can
be used to calculate distribution parameters and generate synthetic data from a known
statistical distribution without requiring real-world data. Using a distribution for generat-
ing synthetic data is a simple approach, however, the method is unable to generate good
quality synthetic data in complex situations demanding complex data types. Complex data
types such as images, videos, speech, and so on cannot be characterized only based on the
underlying distribution of their values; in such situations, using more advanced methods
to generate synthetic data becomes necessary.

2.2.2 Agent-Based Modeling

Agent-based modeling (ABM) can be used to generate synthetic data by creating a sim-
ulation in which individual entities (or agents) interact with each other in an environ-
ment [59,75]. ABM is useful for generating synthetic data in situations requiring detailed
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and complex interactions and behavior in a system. The main characteristics of ABM
are [17,56]:

• Agent − The agents defined are autonomous and have specific characteristics and
constraints associated with them that determine their way of interacting with other
agents.

• Environment − The environment serves as a space that contains the agents and
enables them to interact in a predefined setting by providing context for those inter-
actions.

• Interaction − The interactions mentioned earlier are essentially actions made by the
agents that result in outcomes affecting other agents.

• Emergence − Emergent phenomena are the results or outputs of the interactions
between the individual agents that were not programmed or explicitly entered into
the setting but arose only through the interactions of the agents.

Using ABM to run simulations and to collect/record data from the agent states and in-
teractions over time can yield synthetic data containing detailed and complex attributes,
and patterns that cannot be modeled using other techniques; this is because the outcomes
of the simulations are not assumed beforehand or explicitly decided but arise only based
on the interactions of the agents over time [36]. However, running simulations for ABM
can be challenging for a model with many agents and behavioral rules as it would be
computationally intense to incorporate the large number of interaction possibilities for the
agents. Additionally, developing a simulation requires sufficient domain knowledge and
data/details pertaining to the setting to ensure quality and accuracy.

2.2.3 Using machine learning

Machine learning models can be used to generate synthetic data from real-world data.
Instead of fitting real-world data to a statistical distribution and identifying the distribution
parameters, machine learning models can be fit to the data to generate synthetic data.
This approach involves training machine learning models on real-world data to learn their
characteristics and values to output artificially synthesized data [70, 76]. An advantage of
using machine learning models is when the real-world data does not have a good fit with
an existing distribution type, that is, the statistical properties of the data vary and cannot
be captured by a type of known distribution; in this case, a machine learning model can
be trained to generate data that correlates with the real-world data [31].
There are several popular machine learning models that are used for fitting real data and
generating synthetic data. Some of the models used are:

• Decision trees and Random Forests (RF) − Decision trees are models that split a
dataset into subsets based on event outcomes and form a tree-like hierarchical struc-
ture. RF are ensemble models that use decision trees as building blocks. Decision
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trees and RF can be reverse-engineered to generate synthetic data by sampling from
leaf nodes or by using the structure of the trees to create new data points [21,34].

• k-Nearest Neighbors (kNN) − kNN is a supervising learning classifier that uses the
proximity of a data point to surrounding points to classify the data point. kNN can
be used to form classes based on proximity and to generate synthetic data by using
interpolation between points in a group to create new points [61,144].

• Regression models − Regression models such as linear regression and polynomial
regression are models that fit an equation to the data to establish a relationship
between independent variables and dependent variables. Regression models can be
used to generate synthetic data by using random samples to get predictions from a
model trained on real data and then adding noise to it [117].

• Synthetic Minority Over-sampling Technique (SMOTE) − SMOTE is an oversam-
pling technique that generates synthetic data for a minority class by using interpo-
lation between real data points [25].

A variety of machine learning models can be used to generate synthetic data and are
advantageous due to their non-parametric approach in situations when the real data does
not adhere to an existing distribution. However, simple machine learning models (non-
deep learning) also fail to capture intricacies, high-dimensional patterns, and complex
relationships or trends. Moreover, using non-deep learning models requires significant
feature engineering to make the trends easier to capture making the process less automated
and more dependent on intervention from users.

2.2.4 Using deep learning

Deep learning methods are popular for generating synthetic data for complex data types
such as images, videos, speech, and time series. Deep learning models such as Variational
Autoencoders (VAEs), Recurrent Neural Networks (RNNs), Generative Adversarial Net-
works (GANs), or Transformers can be used to generate synthetic data [4]; these models
train on real data to learn its characteristics and patterns with the goal of generating or
outputting similar samples. The idea behind using these neural networks is that they are
trained using a smaller number of parameters than the amount of input data so that the
models are required and forced to discover underlying characteristics to generate it [95].
VAEs encode real data into a low-dimensional latent space by learning the representation
of the data. Synthetic data can be generated by sampling from the latent space and de-
coding the samples to get similar synthetic data [85,136]. RNNs such as Long Short-Term
Memory (LSTM) networks are used for generating sequence data such as time series due to
their ability to learn temporal patterns. LSTMs use a gating mechanism that allows them
to control and retain information from previous inputs allowing them to learn temporal
relations [4, 7]. GANs are extremely suitable for generating synthetic data, especially for
images and videos. GANs are composed of two neural networks − a generator and a dis-
criminator. The two neural networks are trained together to contradict the purpose of each
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other. The generator is trained to generate synthetic data and the discriminator is trained
to distinguish between real data and synthetic data [123]. Lastly, transformers use an
architecture known as the attention mechanism (or self-attention mechanism) to capture
long-range relationships and dependencies in sequences, especially for Natural Language
Processing (NLP). Attention mechanisms calculate the weights of elements in a sequence
and their contribution to the occurrence of a particular element, this calculated weight
provides the attention scores that lead to dependencies being captured. Transformers can
generate synthetic data by using the captured relations and dependencies from the real
data [53].
However, the performance of these models largely relies on being trained on large volumes
of data. Using deep learning models to generate good-quality synthetic data demands the
availability of large volumes of data for training. Furthermore, the required data needs to
be broad and diverse to ensure that the model covers the entire spectrum of patterns and
relationships possible in the real data.

2.3 Machine Learning

There are numerous machine learning models that are used for a variety of tasks ranging
from predictive maintenance and synthetic data generation to a lot more. Some of the
popular machine learning models mentioned throughout this thesis are described in this
section.

2.3.1 Regression Models

Regression models are models that establish a relationship between a dataset’s dependent
and independent variables; the models do so by fitting an equation to the data and deter-
mining the correlation between the variables and the analysis of its significance [38]. There
are two broad categories of regression models − a) simple regression models in which there
is only one independent variable and one dependent variable, b) multiple regression models
in which there are several independent variables impacting one dependent variable. More-
over, there are several variants of regression models, however the most popular is linear
regression. Linear regression uses a single regression line (also known as the best-fit line)
to establish a linear relationship between a dependent variable and an independent vari-
able. The linear relation using simple linear regression is given in Equation 2.1, where Y
is the dependent variable, m is the slope of the line, X is the independent variable, c is
the y-intercept, and ϵ is the error term [84].

Y = mX + c+ ϵ (2.1)

For more complex relations, polynomial regression can be used to establish non-linear
relationships by using a curved line instead. Polynomial regression is an extension of linear
regression and can be characterized by Equation 2.2 where θ is the coefficient determining
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the slope of the independent variables and n is the degree of the polynomial [96]. The θ
parameters are often calculated using the maximum likelihood estimation (MLE) by testing
different values of θ iteratively to optimize the equation for finding the best fit. Note that
Equation 2.2 provides the equation for simple polynomial regression.

Y = θ0 + θ1X + θ2X
2 + ...+ θn−1X

n−1 + θnX
n + ϵ (2.2)

Linear regression and polynomial regression models are useful in cases where the dependent
variable is continuous. However, in cases where the dependent variables are discrete, or in
classification tasks, logistic regression can be used. Logistic regression is a regression model
that estimates the probability of mutually exclusive outcomes. In essence, the output of a
logistic regression model is a binary classification and provides one of two possible outcomes
based on probability [57].
Regression models are simple and flexible models for performing analysis on datasets and
establishing relationships between variables. However, regression models are sensitive to
outliers and assume that the data is independent (except for the dependent variable). In
essence, if the independent variables are highly correlated, understanding their impact and
effect on the dependent variable can become difficult.

2.3.2 Decision Tree and Random Forest

A decision tree is a supervised learning algorithm that has the structure of a tree consist-
ing of branches, nodes, leaves, and a root. A decision tree starts at the root and follows a
hierarchical structure down to the leaves. The tree branches downward and splits at nodes
based on decisions to form subsets of the dataset. The bottom of the tree contains the
leaves that denote all the possible outcomes for a dataset. In other words, a decision tree
creates a flowchart to represent decision-making within a dataset by finding points to split
the data to ensure that all the points in a dataset have been grouped under appropriate
labels. A decision tree can be used for classification and regression tasks [125]. There are
several advantages of decision trees such as they offer a simple structure that is easy to
interpret for data analysis purposes, the performance of decision trees does not rely on
their suitability to the underlying distributions of the data, and their robustness to out-
liers. However, decision trees can easily overfit if the structure and complexity of the tree
are not carefully tuned. Furthermore, the trees need to often be regularized by eliminating
branches that split on low-importance features through a process called pruning [83]. Also,
decision trees are unstable to changes in the data, that is, slight changes in the data can
produce very different trees.
A combination of decision trees can form an ensemble known as the random forest model.
Random forests consist of multiple decision trees and combine their outputs to generate a
final result. Random forests follow an ensemble method known as bagging (or bootstrap
aggregation). Bagging implies the random sampling of data with replacement (this implies
that the data points can be chosen more than once) to create subsets of the data [18]. The
subsets created are then used to train individual decision trees and an aggregate of the
outputs of the decision trees is used as the final output of the random forest model. Doing
so ensures a forest of trees with low correlation as they are generated on random subsets
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containing random features; this reduces variance in a noisy dataset and mitigates the risk
of bias and overfitting. Additionally, random forests can also be used for classification and
regression tasks. Random forests provide higher accuracy when compared to individual
decision trees and reduce the risk of overfitting due to the bagging approach and random-
ness. However, due to the complex structure of random forests, they become difficult to
interpret for data analysis purposes when compared to a single decision tree. Furthermore,
they also require a lot more resources when compared to individual decision trees [108].

2.3.3 Support Vector Machines

Support vector machine (SVM) is a supervised machine learning learning algorithm that
works by finding a line or hyperplane that partitions the data based on their classes. An
optimal hyperplane or line found maximizes the distance between the closest data points
of two separate classes. There can be multiple hyperplanes to differentiate among multi-
ple classes. The optimal hyperplanes are determined by the maximum distance between
support vectors, which are vectors that run through data points of the two classes that are
closest to each other [102,126]. Hence, hyperplanes form a decision boundary and reside in
the optimal space between two adjacent support vectors that maximize the closest distance
between the two classes. There are several variants of SVMs, but they can be grouped into
two broad categories [114] −

• Linear SVM: Linear SVM is used in cases where the data can be separated into two
classes using a straight line.

• Non-Linear SVM: Most situations in the real world present non-linearly separable
data, and this is where non-linear SVMs can be used. In such situations, kernel
functions are used to map the data into a higher-dimensional feature space and
enable linear separation. This technique is known as the ”kernel trick” that converts
a non-separable problem into a separable one.

SVMs can be used for classification as well as regression tasks, however, are more commonly
used for classification tasks in high-dimensional data as they scale well with dimensionality.
Furthermore, using the ”kernel trick” appropriately allows for various complex problems
to be solved by using SVM. However, choosing an appropriate kernel function is not easy
and may require significant hyperparameter tuning. Furthermore, the results from SVMs
are not easy to interpret for data analysis purposes to understand causes and effects.

2.3.4 Neural Networks

Neural networks are machine learning algorithms that fall into the category of deep learn-
ing. Neural networks are designed to imitate the human brain in interpreting and process-
ing information to give out a result. The structure of neural networks consists of numerous
interconnected nodes (known as neurons or perceptron [110]) across several layers [11].
Neural networks are also known as artificial neural networks (ANNs).
The architecture of a simple neural network can be described as follows −
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• Input layer− This is the layer through which information is fed to the neural network.
The data is processed by the input layer and passed on to the next layer.

• Hidden layer − There can be one or more hidden layers in a neural network. The
data is passed through the hidden layers and analyzed based on the importance of
the features by using weights and biases.

• Output layer − This is the last layer and it produces the final output for the given
input. The output layer can consist of any number of neurons depending on the task.
For example, the output layer may contain only one neuron for binary classification
tasks.

The layers of a neural network contain neurons that usually calculate a weighted sum
of any input they receive. In essence, weights are assigned to the inputs of all neurons
when the neural network is initialized; these weights determine the importance of their
respective variables, that is, the larger the weight associated with a variable the more it
contributes to the final output. Additionally, a bias term is assigned to every neuron. So
the inputs to a neuron are multiplied with their respective weights and are added together
with the bias term. The weighted sum calculated from a neuron is then passed through
an activation function that determines if the information from that neuron will be passed
forward; if the output of the activation exceeds a threshold, the output is passed to the next
layer. Hence, the output of the previously described neuron will then become the input of
another neuron and the process continues forward, this is known as a feedforward network
that characterizes most neural networks [2]. On the other hand, neural networks use
an algorithm known as backpropagation for training and to improve their performance.
Backpropagation involves adjusting the weights in a neural network iteratively through
feedback loops. The weights are adjusted to give more importance to variables that help in
making correct predictions and less importance to variables resulting in incorrect outputs
[109].
Neural networks are very popular due to their performance and accuracy. There are several
benefits of using neural networks for machine learning tasks such as their flexibility to
learn from almost any type of data that can be translated into a numeric form, and their
ability to adapt to new information and to discover hidden and complex patterns in high-
dimensional datasets. However, neural networks often require a large volume of data to
train on to ensure high accuracy and therefore, are computationally expensive to train.
Furthermore, neural networks are often considered a ”black box” as they offer little to no
knowledge about the relationships between the independent and dependent variables [14]
and make it difficult to interpret the performance of neural networks.

2.3.5 Recurrent Neural Networks and Long Short-Term Memory
Networks

Recurrent neural networks (RNNs) belong to the category of deep learning and are a type
of neural network. They are most commonly used for sequential data and time series
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data such as natural language processing (NLP), forecasting problems, and other ordinal
or temporal problems. The key difference between RNNs and traditional neural networks
is that RNNs contain a memory component that allows them to take into account selec-
tive information from previous inputs to help in making predictions for the current input.
Furthermore, traditional feedforward networks have different weights assigned to differ-
ent neurons but RNNs share the same weight throughout a layer [81]. Although there
are some differences in the functioning and architecture between traditional neural net-
works and RNNs, they both use backpropagation for training and modifying the weights.
However, the backpropagation algorithm for RNNs is slightly different (known as back-
propagation through time (BPTT)) as the errors for every time step are summed across a
layer due to the weight sharing [137].
RNNs perform well with sequential data and time series due to their ability to realize con-
text from previous inputs that influences the current inputs, furthermore, since they share
weights, they also increase training and memory efficiency. However, RNNs are known to
suffer from two things − vanishing gradients and exploding gradients. The gradients are
values that dictate in which direction should the weights be shifted to reduce errors. The
problem of vanishing gradients implies that the values of the gradients keep on decreasing
throughout the training process until they become extremely small (approximately 0) and
this causes the neural network to stop learning anymore. On the other hand, the problem
of exploding gradients implies that the values of the gradients become too large during the
training process and result in an unstable network that keeps missing the minima due to
the large changes in the weights and is unable to converge. Either way, the problems arise
due to the multiplication of derivatives across the layers of a neural network, so depending
on the size of the derivatives, gradients can explode or vanish. In RNNs, the gradient
depends on previous inputs so it exponentially grows or shrinks due to the large number
of multiplications at each time step [98].
Long Short-Term Memory (LSTM) networks are a type of RNN created to avert the van-
ishing gradient problem. RNNs face difficulty in remembering information over a long time
due to their vanishing gradient problem, however, LSTMs are designed to avoid that and
capture long-term dependencies [82]. The components of an LSTM are −

• Input gate − It determines what new information will be learned from the current
input.

• Forget gate − This controls what information should be retained from the previous
cell and what should be discarded.

• Output gate − This passes the updated information from the current cell based on
the current input and previously stored information.

• Hidden state − Similar to an RNN, LSTMs also have hidden states to represent
short-term memory from the previous timestamp to the current timestamp.

• Cell state − This represents the long-term information that is stored in the network
across all timestamps. Information is added to and removed from this by gates based
on importance.
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LSTMs are designed to retain long-term information and avoid the problem of vanishing
gradients by using a complex architecture that controls what information is retained based
on relevance and importance [143]. However, due to the increased complexity, LSTMs take
longer to train and are computationally more intensive than simple RNNs.

2.3.6 Generative Adversarial Networks

A generative adversarial network (GAN) is a deep learning model that is made up of
two neural networks. The two neural networks are trained to compete against each other
to generate realistic data. GANs are unsupervised learning models that can be used to
generate synthetic data such as images, audio, videos, time series, and other complex data
types [5]. The two neural networks in a GAN are −

1. Generator − It learns to generate realistic data by modifying an input noise vector
with the goal of ”fooling” the other neural network.

2. Discriminator − The goal of this network is to distinguish between real data and the
artificial data generated by the generator.

The training of a GAN involves fake data generated by the generator to appear as real as
possible to the discriminator. The outputs of the generator are fed to the discriminator
along with real data so that it can distinguish between the two. Throughout the training
process, the generator keeps improving with the goal of maximizing the error rate of the
discriminator in distinguishing real and fake data. GANs also use backpropagation to
improve the error rates of both − the generator and discriminator.
GANs use a loss function to represent the distance between the data generated by the
GAN model and the real data [29]. The standard loss function used by GANs, known as
the minimax loss, can be expressed as in Equation 2.3, where Ex is the expected real data,
D(x) is the discriminator’s probability that the instance x is real, Ez is the expected value
of the fake data generated by the generator, G(z) is the output from the generator, z is the
input noise vector to the generator, and D(G(z)) is the discriminator’s probability that the
instance is fake. The generator tries to minimize this function, whereas the discriminator
tries to maximize it, hence the name: minimax loss function [50]. Specifically, the generator
tries to minimize the second part of the equation: log(1−D(G(z))) so that the discriminator
is unable to detect fake samples.

Ex[log(D(x))] + Ez[log(1−D(G(z)))] (2.3)

The use of GANs is advantageous for many reasons as they are known to generate re-
alistic data such as images, videos, text, and audio. They are also used to enhance the
quality of existing data. Despite the promising results from GANs, they require careful
hyperparameter tuning and experimentation due to their complex architectures to achieve
good results. Moreover, the training of traditional GANs may suffer from problems like
vanishing gradients and mode collapse. Vanishing gradients in GANs may occur when
the discriminator performs significantly better than the generator and so the generator is
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heavily penalized creating instability in the network. Mode collapse in traditional GANs
occurs when the generator only produces very limited and similar samples that work well
against the discriminator. This results in the generator not being able to learn to generate
a wide range of samples as was intended [146]. Wasserstein Generative Adversarial Net-
work (WGAN) was introduced as an alternative to traditional GANs to tackle the problem
of mode collapse and vanishing gradients. In WGANs, the discriminator is replaced by a
critic; the critic does not distinguish between real and fake data but gives out a score with-
out being constrained between 0 and 1. The critic’s score is bigger for instances that it
thinks are real than for instances it thinks are fake [9]. The loss functions used by WGANs
are expressed in Equation 2.4 and Equation 2.5, where D(x) is the critic’s output for a
real instance x, G(z) is the output from the generator, z is the input noise vector to the
generator, and D(G(z)) is the critic’s output for a fake instance.

Critic Loss : D(x)−D(G(z)) (2.4)

Generator Loss : D(G(z)) (2.5)

Both the generator and the critic try to maximize their loss functions. The critic tries to
maximize the difference between its outputs for real and fake instances, and the generator
tries to generate samples in an attempt to maximize the discriminator’s output for the fake
samples.
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Chapter 3

Gradual Fault Detection

The primary aim of this thesis is to provide an approach to conduct predictive maintenance
by detecting gradual faults (or gradual deterioration) in a public bus. Gradual faults are
often not noticeable by the sensors on a vehicle nor visible to the eye until the deterioration
progresses to a severe level, resulting in either component failure or immediate need for
maintenance. The difference between regular faults and gradual faults is characterized by
the extent to which a component has suffered degradation as well as the resultant loss
due to the degradation. Regular faults are either abrupt or caused by degradation over
time which was not corrected or prevented but both cases result in component failure
or severe deterioration. On the other hand, gradual faults could be described as the
intermediate stage between the normal functioning of a component and the failure of a
component. Gradual faults deteriorate the component slowly over a period of time and
the effect of such faults is often not noticeable due to the small magnitude of impact
they cause. Furthermore, gradual faults are much easier to rectify because the component
suffering deterioration is still in a recoverable stage, that is, it has not suffered severe
degradation or failure yet. Additionally, the detection of gradual faults could help in
maintaining the functions of a component system (a group of components dependent on
each other’s functioning) by fixing a deteriorating component before the component fails
and hinders the functioning of the whole component system. [142] describes gradual faults
as the most difficult to detect and thus, it is essential for systems to be able to detect
gradual faults in a timely and accurate manner. The primary concern of gradual fault
detection is to detect and identify anomalies or unusual trends before they surpass the
stage of using preventive measures to avoid failure in components. Therefore, detecting
gradual faults in a timely manner is important so that the deterioration does not progress to
a stage where only corrective measures are able to resolve the component’s issues. [87,124]
describe gradual faults as having no evident characteristics due to their slow progression.
Therefore, existing systems to detect faults are insufficient to avoid component failure as
the systems are only able to detect abnormalities after a certain threshold has been crossed
by which time the component has already failed or suffered serious deterioration resulting
in the need for immediate repairs or replacements [55,87].
Regular faults are often detected by using rule-based approaches such as the approaches
mentioned in [20, 27, 33, 66, 122]. Such approaches include establishing a threshold from
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a knowledge base to identify a component as faulty when the readings from it cross the
set threshold. Although such methods work well for the task of fault detection, they are
unable to prevent the fault by predicting the failure. This is due to the small magnitudes of
deterioration that lead to faults that go unnoticed by threshold-based systems. Moreover,
even advanced machine learning techniques implemented for the task of fault detection
may not be able to detect gradual faults due to the varying nature of such faults. The task
of detecting gradual faults involves detecting abnormal temporal patterns and looking
for the smallest indicators of deterioration by comparing trends observed in component
performance values across several component groups and/or machines. On the other hand,
the task of detecting regular faults could be as simple as observing the final output values
of a component group’s performance and comparing it to a threshold value to classify it as
faulty or not.
The varying nature of gradual faults makes it essential to develop methods that are able to
detect abnormalities on such a small scale. Developing gradual fault detection mechanisms
could not only prevent faults and failure altogether, but also ensure safety, efficiency, and
a decrease in maintenance costs.

3.1 Predictive Maintenance Algorithm

This section presents an algorithm to conduct predictive maintenance by using unsuper-
vised clustering. K-Means clustering is used for detecting deterioration and unusual trends
in the generated data. The metrics used to perform the clustering are Euclidean distance
and Dynamic Time Warping (DTW) [15,23,68,88]. The primary idea is to form a) clusters
containing normal buses, and b) clusters that identify component deterioration and faults
by grouping similar deterioration and degradation trends together. K-Means clustering
using Euclidean distance is used as the baseline to compare to K-Means clustering using
DTW. Euclidean distance is chosen as the base approach, because it is the common choice
for clustering due to its low complexity and simplicity; it involves calculating the distance
between a time series and the cluster centroid point-by-point without taking into account
any trends or patterns. However, complex trends such as those found in coolant temper-
ature and engine system readings are difficult to distinguish using just a simple metric,
which is why DTW is used. DTW temporally aligns sequences and calculates the distance
between points that are similar even if the indices of the two points do not align in the
time series. However, the complexity of DTW is higher compared to the Euclidean distance
method − O(n ∗m), where n is the length of the first sequence and m is the length of the
second sequence [113]. Therefore, DTW should be used only if Euclidean distance fails to
form accurate clusters. Additionally, the silhouette score is used to evaluate the quality of
clusters, and the elbow method [127] is used to select the optimal value of K (number of
clusters). Algorithm 1 provides an idea of how predictive maintenance can be conducted
for a machine. The algorithm can be described as follows:

1. Select sensors relevant to a component or component group with the help of domain
experts or knowledge base.

38



2. Restructure the sensor data so that each sensor is represented by a time series dataset
containing several sequences, that is, a single time series dataset will belong to one
sensor and will contain several instances or sequences, and each instance or sequence
will contain multiple sensor readings over time. Instances could be imagined as
individual buses and sequences could be imagined as separate trips.

3. Apply preprocessing steps such as reshaping, scaling, and cleaning the sensor data
so that it can be used to train a model.

4. Choose a value of K (number of clusters) based on two methods − a) existing knowl-
edge of the number of different types of faults to be detected or b) using the elbow
method.

5. Train two K-Means clustering models for each time series dataset − one using Eu-
clidean distance as a metric and the other using DTW.

6. Use the silhouette score as a metric to evaluate clustering quality. If the silhouette
score of the Euclidean model is greater than or equal to the score of the DTW model,
select the Euclidean model as the final clustering model for that sensor, otherwise
select the DTW model as the final clustering model for that sensor.

7. Retrieve the buses belonging to the cluster with faults from the chosen model by sort-
ing the clusters by size and selecting any clusters after the largest one (the largest
cluster will have all the normal sensor readings). Use the retrieved buses to iden-
tify the causes and types of faults with the help of domain experts to perform the
necessary maintenance.

Algorithm 1 Predictive Maintenance Algorithm

Require: A dataset containing sensor readings
Ensure: Relevant Sensor Selection
TimeSeries← SensorData ▷ Restructure and reshape
Preprocessing(TimeSeries)
if Types of faults known then

K ← NumberOfTypes
else

K ← ElbowMethodOptimal
end if
EuclideanKMeans.fit(TimeSeries)
DTWKMeans.fit(TimeSeries)
if EuclideanSilScore ≥ DTWSilScore then

FinalModel ← EuclideanKMeans
else

FinalModel ← DTWKMeans
end if
FinalModelClusters.sort(by=size, ascending=False)
Faults← FinalModelClusters[1 :]
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Section 3.2 describes in detail the process of implementing the K-Means clustering algo-
rithm for the proposed algorithm, that is, K-Means clustering using the Euclidean distance
as the metric, and K-Means clustering using DTW as the metric. Section 3.3 further de-
scribes and explains the use of K-Means clustering for the task of time series clustering. It
contains information regarding the preprocessing of time series (specifically sensor data),
hyperparameter selection related to selecting a value of K as well as initializing cluster
centers (centroids) for the models.

3.2 K-Means Clustering − Overview

K-Means clustering is an unsupervised machine learning algorithm that involves assigning
data points to clusters by checking how close a data point is to a cluster. K-Means clustering
models group data points based on their similarity by comparing patterns and variations
between them and the models do not require any prior training to do so. The absence of
labeled data makes K-Means clustering a useful and essential algorithm. It is considered
one of the most powerful and popular clustering approaches [6, 120].
Algorithm 2 presents the structure of the K-Means clustering algorithm. The general
overview of the K-Means clustering algorithm can be given as follows:

1. Choose a value for K, which is the number of clusters.

2. Initialize centroids, which are the cluster centers.

3. For each data point, the distance between the data point and all centroids is calcu-
lated, and the data point is assigned to the nearest centroid.

4. The cluster centers are re-initialized by calculating the average of all the data points
belonging to their specific clusters

5. Steps 2 to 4 are repeated for a set number of iterations to reach convergence.

Algorithm 2 K-Means Clustering Algorithm

Require: A dataset
K ← NumberOfClusters
Centroids← InitializationV alues
for given number of iterations do

for i in length(dataset) do
NearestCentroid←MinDistance(dataset[i], Centroids) ▷ Find nearest centroid

by comparing distances
Clusters[NearestCentroid]← dataset[i] ▷ Data point assigned to the nearest

cluster
end for
Centroids←ClusterMeans(Clusters) ▷ Centroids are updated with cluster means

end for
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The evaluation of the quality of clusters created using the K-Means algorithm is most pop-
ularly done by two methods − a) using the silhouette score or other distance measures, and
b) validating the clusters by visually examining the cluster plots [63, 134]. The silhouette
score is calculated as b − a/max(a, b), where a is the mean distance of a point with the
other points of its cluster and b is the distance between the single point and its nearest
cluster. The silhouette score values are in the range (−1, 1), where a score of closer to 1
indicates strong and accurate clustering while a score closer to -1 indicates poor clustering.
Other popular evaluation metrics such as accuracy are not entirely relevant or appropriate
due to the machine learning approach being unsupervised. However, in scenarios where
labeled data is available and clustering is used, the aforementioned methods can be used.

3.2.1 Euclidean K-Means

The simple form of K-Means clustering involves assigning data points to clusters by com-
paring the square root of the sum of squared distances or the Euclidean distance, however,
advanced variants of the K-Means clustering algorithm use more complex metrics to com-
pare the distance between a data point and the cluster center [62]. The simple K-Means
algorithm − using Euclidean distance − can perform well for many tasks including data
without complex trends and data containing easily distinguishable elements. The primary
goal of using the Euclidean approach is to calculate the distance of all data points to clus-
ter centers and then assign the data points to clusters that have the smallest Euclidean
distance to the data point.
One limitation of using the Euclidean distance as a metric for clustering is that the time
series being compared need to be of the same length. This would require additional prepro-
cessing steps to make sure that all the time series have the same length in a way that the
temporal trends are preserved and there is no significant data loss. On the other hand, the
simplicity of calculating the Euclidean distance results in a low complexity − O(n), where
n is the length of the time series. Equation 3.1 based on the information in [115] provides
the idea of how to calculate the Euclidean distance between two time series or sequences;
where E is the calculated Euclidean distance, N is the length of both sequences, xi and yi
are corresponding points from the sequences.

E =

√√√√ N∑
i=1

(xi − yi)2 (3.1)

3.2.2 Dynamic Time Warping K-Means

Dynamic time warping (DTW) is a technique that aligns two sequences in a non-linear way
to match each other’s trends [15,88]. The idea behind using DTW is that it aligns similar
trends between two time series that are being compared. The implication of this idea is
that the comparison does not depend on the indices or the length of the time series, that
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is, a single point from one time series is matched with the most suitable (and similar in
terms of value) point from another time series while preserving the sequence of values even
if the two time series are not aligned to exhibit congruence. The result of this is that the
distance between similar points is calculated to obtain a more definitive and accurate result
that takes certain trends into account. DTW is used as a metric to calculate the distance
between time series and centroids in K-Means clustering. Doing so will ensure that similar
structure time series that are not aligned in a time-space are not clustered separately but
are clustered together based on their similarity to the cluster center. The quality of the
cluster center to accurately represent such temporally varying yet similar time series also
depends on the use of DTW for finding the mean of a cluster. However, a major drawback
of using DTW is its high complexity of O(n ∗m) where n is the length of the first time
series and m is the length of the second time series. The quadratic complexity of DTW is
not always feasible, especially in cases where long time series need to be compared [113].
Another key aspect of using DTW for K-Means is DTW Barycenter Averaging (DBA).
DBA iteratively uses dynamic time warping and aligns all the series with an evolving aver-
age [23,68]. This process results in a more accurate centroid computation that accurately
represents the data in its cluster. A barycenter could be imagined as a cluster centroid
(of a time series) and the goal of DBA is minimizing the distance between itself and the
data. This differs from the Euclidean approach of finding the average barycenter because
the Euclidean approach calculates the arithmetic mean of points across all the time series
based on their index and without any alignment. Figure 3.1 taken from [128] provides a
visual illustration of the difference between how points are aligned and compared using
DTW and the Euclidean distance.

Figure 3.1: Comparison between Euclidean and DTW alignment

There are certain constraints and rules that are followed when finding an optimal path
using DTW [147]:

• Every point from a sequence must form a one-to-many mapping with the points from
another sequence, that is, every point from one sequence must be matched with at
least one point from the other sequence.
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• The first index of one sequence must at least be matched with the first index of the
other sequence.

• The last index of one sequence must at least be matched with the last index of the
other sequence.

• The mapping of indices from one sequence to the indices of another must be monoton-
ically increasing, that is, the order of time is preserved by ensuring that no mapping
from one point in a sequence goes back in time.

The mathematical formulation of DTW can be expressed as follows based on [68]: Consider
two time series X = [x1, x2, ..., xi, ..., xn] and Y = [y1, y2, ..., yj, ..., ym]. The first step
involves creating a cost matrix M of dimensions: n x m and every point in the matrix
(i, j) is a score of alignment between the points: xi and yj. The cost matrix can be filled
up by starting from the initial point (M(1, 1)) and using Equation 3.2:

M(i, j) = |xi − yj|+min(M(i− 1, j),M(i, j − 1),M(i− 1, j − 1)) (3.2)

After filling the cost matrix M , a warping path can be calculated that maps the elements
of X and Y and minimizes the distance between them by aligning them. The warping
path can be calculated by starting at the extreme point (M(n,m)) and traversing to the
initial point (M(1, 1)) and using Equation 3.3; where P is the warping (or optimal) path
and K is the length of the path:

PK
k=1 = min(M(i− 1, j),M(i, j − 1),M(i− 1, j − 1)) (3.3)

Lastly, after finding the optimal path P , the normalized distance D can be calculated from
Equation 3.4:

D =

∑K
i=1 Pi

K
(3.4)

3.3 Preprocessing and Hyperparameter Tuning for Time

Series K-Means

3.3.1 Preprocessing

Sensor data from vehicles is usually collected as measurements over time, therefore, making
the data collected a time series. Sensor data is usually noisy and not smooth. Further-
more, the recorded sensor readings may contain missing or incorrect values [58]. This is
a result of incorrect values being transmitted, sometimes due to the sensitivity of sensors
or other malfunctions, and also due to the high frequency of transmission of data from
sensors [1]. Hence, raw sensor data usually cannot be used for training machine learning
models directly after being stored. However, despite the presence of noise throughout the
time series, useful information and patterns can be extracted by applying relevant prepro-
cessing techniques. The preprocessing techniques being used usually depend on the task
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at hand [129] but some popular techniques for time series are discussed in this subsection.
The presence of null or missing values in a time series hinders the training of a machine
learning model. However, there are simple methods to fix this situation depending on the
magnitude of null values present. If the magnitude of missing values present in a time series
is insignificant and very small, it could be considered safe to drop these values, that is,
remove the time steps with null values from the data, without worrying about information
loss. On the other hand, if there are many time steps with missing or null values scattered
across a time series dataset, then dropping the values for those time steps could result in
information loss. Null values are often replaced by the mean value or the mode of that
group but it is not the best practice for a time series as the sensor’s dependency on the
time steps might not be consistent. Therefore, a forward-fill method should be used so
that the first non-null value after a missing value (or values) is used to fill it [91,106,135].
This ensures that the temporal trends are preserved as well as possible.
Another issue with sensor time series data is its characteristic of being noisy and not
smooth. A very popular approach to fix this issue and smoothen the data to represent
underlying trends is to use the moving average with a reasonable window size [28,139,148].
To calculate the moving average, the sum of W consecutive sensor readings is divided byW
iteratively throughout the time series, where W is the size of the moving average window.
Doing so, can not only help in the removal of outliers and erratic readings from the data
but can also help in the understanding of trends and distributions in the data by providing
a more clear visual representation when plotted as opposed to just plotting the raw data.
Additionally, instead of using all the data from a sensor to train a model, considering only
a value range (such as quartile or percentile values) that is suitable for and relevant to the
model’s task may improve its performance [37]. In essence, if a sensor time series contains
values highly concentrated around its mean, and a model for a task related to its lowest
values needs to be trained, considering only values under a low percentile might be more
relevant and useful.
Based on the proposed algorithm in Section 3.1, individual time series datasets only con-
tain values from a single sensor so scaling the data is not necessary for the algorithm in
most cases. However, based on the sensor data and the task at hand, scaling could be
applied across the time series.

3.3.2 K Selection

The value of K in K-Means stands for the number of clusters the model will group the data
into. The value of K must usually be set manually before beginning the training of the
clustering model [120]. This is one of the shortcomings of using the K-Means clustering
algorithm because the performance of the model and the clustering quality hugely depend
on the value of K to be optimal [30, 101]. There are various methods to find an optimal
value for K such as − a) using a knowledge base to identify the clustering goals and setting
a value based on that, b) using the silhouette score to determine clustering quality [118],
and c) the elbow method which involves picking the optimal value for K based on the sum
of squared distances. The elbow method is a reliable and popular technique for either
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finding an optimal value of K or for validating the value of K chosen by other means [80].
The task of choosing an optimal value of K for clustering sensor time series is implemented
using two techniques in this work − a) Using existing knowledge on the types of faults to
identify, and b) using the elbow method to validate the chosen value. The value of K is
chosen based on the number of types of gradual faults to identify, doing so implies that the
K-Means clustering model is expected to cluster the time series based on fault types and
there is an extra cluster for all the non-faulty time series to be clustered into. Ultimately,
it involves choosing such a value for K so that there is one cluster of time series with
no faults (most likely the one with the highest size) and all other clusters contain time
series containing faults. A specific fault gets detected and clustered into only the cluster
containing time series with that type of fault. This makes detecting the type and cause
of fault much easier for domain experts because the faulty time series are not jumbled up
across several clusters but are instead grouped by their similar faulty trends. Additionally,
if the type of faults to detect are unknown, the elbow method could be adopted straight
away to choose an optimal value of K; it could also be combined with additional techniques
such as silhouette score analysis and validation by domain experts.
Using the elbow method to find an optimal value for K involves two steps − a) calculating
inertia (using the sum of squared distances) for a range of values of K, and b) plotting the
outputs for visual analysis. Inertia is calculated by measuring the sum of squared distances
between every point and its centroid [105,112]. Equation 3.5 based on the documentation
of clustering from [115] provides the formula for calculating inertia; where I is the inertia,
J is the total number of clusters, Nj is the total data points belonging to cluster j, xi is a
single data point from a cluster, and µj is the cluster centroid of the cluster.

I =
J∑

j=1

Nj∑
i=1

||xi − µj||2 (3.5)

After calculating the inertia for a range of values of K, a graph containing the inertia
against the value of K can be plotted to observe the decrease in the value of inertia with
increasing values of K. An optimal value of K could be identified as the value after which
there is no significant decrease in inertia, that is, the sum of squared distances within a
cluster have been minimized reasonably and will not minimize significantly any further
beyond that particular value of K. Figure 3.2 contains a graph containing inertia values (y
axis) and a range of values from 2 to 6 for K (x axis) and it could be believed that the
optimal number of clusters to group the data with an acceptable and reasonable sum of
squared distance values is 3.
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Figure 3.2: Elbow method for checking the optimal value of K

3.3.3 Centroid Initializing

The first step of the K-Means clustering algorithm involves initializing the cluster centers
(also known as centroids). The initialization of the centroids can be done either by choosing
arbitrary values for cluster centers, or by using random values, or by using advanced
techniques. It is found that the quality of clusters significantly depends on the initialization
of the cluster centers. Therefore, simply using random initialization values may not be
enough in many cases as the K-Means algorithm is then more likely to fail to cluster the
data into accurate representations of visible groups in the data (that is, visible groups in the
data plot) [10, 51, 67]. An example that could be considered as bad centroid initialization
would be in the case of a centroid being initialized between two visible groups in a data plot
and another centroid being initialized far away from these two groups; in this case, the two
groups would be clustered into one (belonging to the centroid in between) and the second
centroid would not have any data points in its cluster. On the other hand, two centroids
could be initialized very close to each other and a visible group of data points in a plot
surrounding them would get divided between the two clusters. Hence, to mitigate such
issues while using the K-Means algorithm using random initialization, adopting advanced
techniques becomes imperative. K-Means++ [10, 111] is an advanced version of K-Means
which differs only in the step of centroid initialization. K-Means++ could be considered as
an algorithm just for the purpose of centroid initialization after which the steps of regular
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K-Means follow.
The idea behind K-Means++ is to choose the initial values of centroids as far from each
other as possible. The implication of such an idea is increasing the chance of centroids
being located in separate groups of data points. Furthermore, the centroids are picked
from data points so there is assurance that there will be some data points around the
centroids. The steps to perform K-Means++ for a more efficient centroid initialization are
as follows:

1. Randomly initialize the first centroid from the data points.

2. Calculate the distance between all the data points and the centroid closest to them
that has been previously initialized.

3. Choose the data point for initializing the next centroid with the probability of being
chosen directly proportionate to its distance calculated in step 2, that is, the data
point with the maximum between itself and its closest centroid will be chosen as the
next centroid.

4. Repeat steps 2 and 3 until K centroids have been initialized.
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Chapter 4

Data

The data used in this thesis was first collected in [66]. The data consists of sensor readings
from a bus of the STO transit service of the Ottawa-Gatineau region. The sensor readings
from the bus were received as packets via the Society of Automotive Engineers (SAE)
J1939 protocol [94], which were then decoded. J1939 messages contain two components:
the Controller Area Network (CAN) ID that contains the Parameter Group Number (PGN)
and the data bytes that contain the Suspect Parameter Number (SPN). The Suspect Pa-
rameter Number serves as an identifier of the sensor readings that are encoded in the data
bytes and they are grouped together based on the Parameter Group Number based on the
component groups. The PGN are identified by their fixed location in the CAN ID and
the individual sensor readings belonging to that particular PGN can be identified based
on the SPN information of that sensor. Upon locating the relevant bytes for a sensor (or
SPN), the values need to be converted from hexadecimal to decimal, scaled using the unit-
per-bit values, and the offset mentioned needs to be applied [45]. The J1939 specification
document, which is published by the SAE, contains all the information that is required to
retrieve and decode the physical data values of sensors. The sensors chosen for this work
belong to the cooling system and the engine torque system of the bus. The messages were
transmitted and recorded at an interval of 1 millisecond to 100 milliseconds approximately
and stored in a file of size 650 megabytes; the data was collected from a single bus over a
duration of approximately ten hours in November 2018.
The Parameter Group Numbers found most relevant to the cooling system of a bus are
PGN 64817 (Fan Drive #2), PGN 65262 (Engine Temperature 1), and PGN 65263 (Engine
Fluid Level/Pressure 1). Furthermore, the specific Suspect Parameter Numbers selected
are SPN 1598 in PGN 64817 (Fan 2 Speed with rotations-per-minute units), SPN 110 in
PGN 65262 (Engine Coolant Temperature with degree Celsius units), and SPN 111 in PGN
65263 (Engine Coolant Level 1 with percentage units). There are other relevant PGN-SPN
groups to a bus’ cooling system such as Fan 1 Speed (PGN-SPN 65213-1639), Engine Fuel 1
Temperature 1 (PGN-SPN 65262-174), Engine Oil Temperature 1 (PGN-SPN 65262-175),
Engine Oil Level (PGN-SPN 65263-98), Engine Oil Pressure (PGN-SPN 65263-100), and
Engine Coolant Pressure 1 (PGN-SPN 65263-109), however, these sensors could not be
used because the decoded sensor readings showed that the sensors either were not able to
record the values or the stored values were just noise.
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The Parameter Group Numbers found most relevant to the engine torque system of a bus
are PGN 61444 (Electronic Engine Controller 1) and PGN 61443 (Electronic Engine Con-
troller 2). Moreover, the most useful Suspect Parameter Numbers chosen for this work are
SPN 512 in PGN 61444 (Driver’s Demand Engine - Percent Torque in percentage units)
which is the requested output torque by a driver based on its accelerator pedal position
and other speed control modes that are set, SPN 513 in PGN 61444 (Actual Engine -
Percent Torque in percentage units) which is the calculated output torque as a percent
of a reference torque value, and SPN 91 in PGN 61443 (Accelerator Pedal Position 1
in percentage units) which is the ratio of the actual current position of the accelerator
pedal to its maximum possible position. Similar to the cooling system, there are other
PGN-SPN groups that are relevant to the engine torque system but could not be used
because no meaningful values were found in their readings. They are Engine Speed (PGN-
SPN 61444-190), Engine Retarder Selection (PGN-SPN 61441-973), Remote Accelerator
Pedal Position (PGN-SPN 61443-974), Accelerator 2 Pedal Position (PGN-SPN 61443-29),
Actual Maximum Available Engine-Percent Torque (PGN-SPN 61443-3357), Engine Per-
cent Load at Current Speed (PGN-SPN 61443-92), and Engine’s Demand Percent Torque
(PGN-SPN 61444-2432).
Section 4.1 and Section 4.2 contain detailed information regarding the data processing,
synthetic generation, and fault simulation processes conducted to synthetically generate
data for this work and create simulated buses with realistic trends, patterns, and gradual
faults to use for training models for the task of gradual fault detection. Section 4.1 specif-
ically describes the synthetic data generation process for the cooling system and Section
4.2 for the engine torque system.

4.1 Cooling System Data

4.1.1 Data Processing and Generation

Three sensor readings belonging to the cooling system were chosen for this work - Fan 2
Speed, Engine Coolant Temperature, and Engine Coolant Level 1 − as these were the only
data bytes that contained values that seemed realistic and accurate. Upon decoding the
values, the resultant dataset was stored in a comma-separated values (CSV) format, where
each row had a timestamp associated with a J1939 packet. In order to generate synthetic
data using a generative model with a Long Short-Term Memory (LSTM) network as the
generator, categorical features had to be removed and the dataset needed to be restructured
and reshaped. The dataset was reshaped to be of the format [Fan Speed, Coolant Level,
Coolant Temperature] as columns for the three sensors chosen. Reshaping the dataset
resulted in only one sensor reading being in one row of the dataset (e.g., 4096.0, NaN,
NaN), this is because decoded values were appended to the dataset row-by-row to keep
the reshaped dataset in line with the time column. The null values were filled using the
forward fill method in which an initial value is used to replace the following null values in
a column until a non-null value is reached. All these steps resulted in a final time series
dataset that contained three sensors, one in each column.
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The setup of the original dataset containing physical values from three sensors was ready
after the reshaping; this dataset was used to generate synthetic data to simulate 40 buses
and for the same up-time duration as the real data, which is for ten hours. The first
step in the generation of synthetic data included using the DGAN model from Gretel [52].
The DGAN model is based on a Generative Adversarial Network (GAN) that uses an
LSTM network as a generator. A few things to note about the model is that it does not
support categorical features as mentioned previously so the dataset had to be restructured
so that each column denotes a sensor and contains continuous values (decoded sensor
readings). Secondly, the model only allows for a fixed length of sequences, and variable-
length sequences were not supported. An example to explain the sequence length would
be to consider a dataset that contains the temperature readings of a room every hour for
seven days; such a dataset could contain a sequence length of twenty-four resulting in seven
sequences of daily temperature readings. The data available for use in this work was only
sensor data for a single bus so splitting the dataset into a fixed sequence length required
repeated trying and testing of different values. Several combinations of hyperparameters
were tested by trial and error to generate realistic data that also captured the temporal
relations as well as included some randomness to simulate the stochastic aspects that
lead to certain trends in the sensor readings. The hyperparameters configured were - the
number of layers in the generator and discriminator, the dimension of the input noise, the
number of units in an LSTM cell, the sequence length, the batch size, and the number
of epochs. Finally, it was found that smaller batches and sequence lengths along with
three or four layers in the network were the best combination. However, the resultant
synthetic data failed to capture almost all of the temporal relations. This was evident
in the sensor readings for the synthetic coolant temperature which were almost flat and
constantly around 90 degrees Celsius in comparison to the real data, which contained
temperature dips. Figure 4.1 provides a comparison between the moving average (window
size of 500) of the originally recorded coolant temperature values (red) and the synthetically
generated values (blue). The figures related to sensor readings in this thesis contain the
physical values (readings/measurements in the sensor’s respective units) along the y-axis
and the indices of the datapoints along the x-axis.

Figure 4.1: Comparison between original and synthetic coolant temperature readings

50



Another instance of this was visible in the fan speed readings: the real data contained only
two unique values - 4096 rpm and 0 rpm - with only fifty readings that had a value of 0
displaying that the fan was turned off for a few seconds across the whole time and the fan’s
operational value was at 4096 rpm. The synthetic data had no values of 0 rpm but consisted
of values around 4096 rpm, which does not seem to be accurate for the functionality of an
electric fan. Figure 4.2 provides a comparison between the moving average (window size
of 500) of the originally recorded fan speed values (red) and the synthetically generated
values (blue).

Figure 4.2: Comparison between original and synthetic fan speed readings

One benefit of synthetic data generation was observed in the values of coolant level. The
real sensor readings consisted of two values: 50% and 0%; this indicates that the accurate
value of the coolant level was 50% of the total container and there were a lot of readings
in which the sensor was not able to record the real value so it was recorded as 0%. On
the other hand, the synthetic data only had the actual value that was 50% but for all the
generated buses, which does not hold true in real life, that is, buses could operate with
varying levels of coolant without it causing a problem or failure. Figure 4.3 provides a
comparison between the moving average (window size of 500) of the originally recorded
coolant level values (red) and the synthetically generated values (blue).
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Figure 4.3: Comparison between original and synthetic coolant level readings

Lastly, to provide a comparison between the originally recorded values of the cooling system
sensors and the synthetically generated values, Figure 4.4 contains plots with readings for
all three sensors from the original bus, and Figure 4.5 contains plots with synthetically
generated readings for all three sensors for a single bus. Due to the large disparity in value
ranges among the three sensors, only a few small dents are visible in the plots in Figure
4.4 but it is visible that all the plots in Figure 4.5 are completely straight lines without
any dents or trends.

Figure 4.4: All real cooling system sensor readings together
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Figure 4.5: All synthetic cooling system sensor readings together

The main reason behind using the generative model to generate synthetic data was to
get as close to the distributions and trends as possible. Although many temporal relations
have not been captured, the generated data provides some useful insights such as:

• There was no relation found between the fan turning off and the coolant temperature
and levels.

• The coolant temperature’s normal working temperature is around 90 degrees Celsius
and the temperature dips needed an explanation because the bus was running for
almost the whole duration.

• The coolant level values included 0% but this should be disregarded and filtered out.

The aforementioned insights will be explained in Subsection 4.1.2 because they are relevant
to simulating the trends that were not captured by the generative model.

4.1.2 Manual Trend Introduction

In addition to the uncaptured trends, the synthetic data generated using the DGAN model
contained a lot of fluctuations from one reading to the next, which made the synthetic
data appear very noisy. The problem of noise is tackled in the data preprocessing step. To
make the synthetic data more realistic, the temporal trends mentioned earlier that were not
captured by the generative model needed to be manually introduced. An initial step made
sure that all the data generated was within the permissible data ranges of the particular
sensors, that is, the synthetic sensor readings could not have a value that is impossible to
record, so all the data were clipped between the minimum and maximum values allowed
for each sensor.
All generated buses had a coolant level of 50%, which is not true in real life, therefore, the
coolant levels of the buses were changed based on probability - there was a 30% chance
that the buses’ coolant level would be increased by a value between 5% and 15% (resulting
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in the final values being between 55% and 65%) and a 15% chance that the coolant level
would be increased by a value between 15% and 30% so the resulting coolant levels would
be between 65% and 80%.
The coolant temperature dips that existed in the original data were missing in the synthetic
data. The steep temperature dips in the real data from 90 degrees Celsius to approximately
60 degrees Celsius were justified by a few reasons: the engine speed was observed for
the same timestamps as the temperature dips and a rotations-per-minute of zero during
those timestamps suggested that the engine was not running whenever there was a large
temperature dip. The sensor readings were recorded in the month of November when it is
usually cold in Canada. The dip in temperature followed by a rise took place over thirty
minutes - these reasons imply that the bus was not running (turned off) for a period of
approximately twenty minutes which resulted in the engine cooling down faster due to the
cold weather. The introduction of temperature dips was based on the assumptions that:

• A bus that was thought to be in perfect condition would have one break causing a
significant temperature dip.

• A significant dip could be caused only in the cold months and not during summer
because it would take longer than twenty minutes for the engine to cool down and
consequently the coolant.

• Buses would not be turned off immediately after turning them back on (no consecutive
temperature dips).

• A bus would not have a temperature dip in the last twenty percent of its up-time
due to a break.

The dip sizes were either small (indicating that the bus was stationary for a small period
of time in the cold), medium (indicating that the bus halted for a few minutes or was
turned off for approximately five minutes, or large (indicating that the bus was turned
off for a break). The sizes of the dips were determined by the number of time steps for
which the temperature will keep decreasing and an appropriate number of time steps for
it to come back to the functioning temperature. Furthermore, the temperature decline
was not consistent or uniform; there was a very small probability that the temperature
would go up by one degree, a higher probability that it would go down by one degree, and a
significantly high probability that it would remain the same; this resulted in an inconsistent
drop, which is how sensor recordings appear in real data. However, the temperature was
not allowed to go below or above a set threshold based on acceptable coolant temperature
values. Similarly, the temperature increase was not uniform and the probabilities of the
temperature increasing, decreasing, or remaining the same were distributed as mentioned
earlier but over fewer time steps. Figure 4.6 contains actual coolant temperature readings
from the real bus and Figure 4.7 contains synthetic coolant temperature readings for a
simulated bus after the introduction of trends.
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Figure 4.6: Real coolant temperature

Figure 4.7: Synthetic coolant temperature with trends introduced

The rotations-per-minute (rpm) at which the radiator fan operated was found to be 4096
rpm. Firstly, all the values that were not 0 rpm were made equal to the acceptable operation
value - 4096 rpm. Secondly, as mentioned earlier, the generative model failed to capture
the trend of the fan turning off (the rotations-per-minute being zero). An effort was made
to find out the threshold behind the fan turning off by comparing the coolant temperature
and fan speed at the same time steps, but there was no relation found between the coolant
temperature decreasing and the fan turning off. The fan speed was also compared to
the engine speed data, but the recorded speed data consisted of just noise, so no relation
could be established apart from the readings with a value of 0 rpm, which implied that
the engine was turned off. Therefore, the fan speed was set to zero for a few readings
during the temperature drop, which seemed to be the most justifiable approach instead
of randomly introducing fan turn-offs across the time series. Figure 4.8 contains actual
fan speed readings from the real bus and Figure 4.9 contains synthetic fan speed readings
for a simulated bus after the introduction of trends. Note that the y-axis limits in Figure
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4.9 and Figure 4.8 are set between 4040 rpm and 4100 rpm for better visualization of the
moving average; the vertical lines indicate readings of 0 rpm and that the fan was turned
off.

Figure 4.8: Real fan speed

Figure 4.9: Synthetic fan speed with trends introduced

The real data and the generated data with the trends introduced do not appear to look
exactly the same, but it still seems like a step in the correct direction to generate good-
quality simulations as opposed to previous works in which synthetic data was generated by
simply fitting the real data to a distribution and sampling from it such as in [66]. Moreover,
all the simulated buses have unique trends depending on their coolant levels, temperature
dip sizes and frequencies, and fan speed patterns. All the trends were introduced based on
probability so there are also some instances in which there are no temperature drops, which
implies that the bus was operating in summer and was running for the whole duration,
consequently, the fan was not turned off for that bus up-time indicating that the fan ran
throughout the duration of the bus’ journey. The real bus data had only fifty recordings for
which the fan was turned off, so the fan turning off was not a very important trend. The
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trends introduced cover many possibilities and scenarios, so if the synthetic data is used in
the training of a model due to the unavailability of real data, the synthetic data will enable
the model to be robust against seasonal and operational factors (that are acceptable and
normal) without those factors being interpreted as anomalies.

4.1.3 Gradual Fault Introduction

After the trends were introduced to the generated synthetic data, the sensor data of 40
buses was simulated. However, the synthetic data so far was assumed to be of normal
buses, that is, without any faults. Therefore, the next step was to introduce faults to the
existing synthetic data. The faults introduced were gradual and subtle, in essence, they
were not abrupt or large enough to trigger caution warnings, failures, or breakdowns in
buses because those faults can be easily identified using a threshold-based approach. The
assumption for fault introduction was that 20% of the buses in the dataset had potential
faults; this assumption was made for simplicity to avoid imbalance problems due to the
lack of large volumes of data required to tackle such a problem. Hence, eight buses had
potential faults in them. The faults introduced were based on heuristics, common sense,
and knowledge base. There were four types of faults introduced: the first fault involves
lowering the coolant level of two buses by 10% and 15%, respectively, to indicate a potential
leakage in the cooling system. The reduction of the coolant level was linear and over the
duration of the buses’ up-time, indicating that the coolant was leaking throughout the
buses’ trips. Note that the reduction was based on 15% of the initial value and not 15%
of the entire coolant capacity. Figure 4.10 shows the normal coolant level readings that
were later modified to introduce the first fault. On the other hand, Figure 4.11 shows the
coolant level readings containing the first type of gradual fault.

Figure 4.10: Coolant level before introducing the first fault
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Figure 4.11: Coolant level after introducing the first fault

The second fault involves lowering the rpm at which point the fan of two buses operated
by 30% and 35%, respectively, and increasing the coolant temperature slightly (by 5% and
7%, respectively) to indicate a fan performance deterioration. The decrease in the rpm was
uniform and for all the values that were not 0% (non-zero values). On the other hand, the
increase in the coolant temperature was linear and over the duration of the buses’ up-time
just like the coolant level decrease. Figure 4.12 shows the normal fan speed readings and
Figure 4.13 shows the normal coolant temperature readings that were later modified to
introduce the second type of fault. On the other hand, Figure 4.14 shows the fan speed
readings and Figure 4.15 shows the coolant temperature readings containing the second
type of gradual fault.

Figure 4.12: Fan speed before introducing the second fault
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Figure 4.13: Coolant temperature before introducing the second fault

Figure 4.14: Fan speed after introducing the second fault

Figure 4.15: Coolant temperature after introducing the second fault
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The third fault involves increasing the fan rpm of two buses by 10% and 15%, respectively,
to indicate that the fan is rotating above the rated rpm of 4096 due to faulty wiring,
a firmware glitch, or a similar issue, and it could cause wear-and-tear faster and lead
to failure. Figure 4.16 shows the normal fan speed readings that were later modified to
introduce the third type of fault. On the other hand, Figure 4.17 shows the fan speed
readings containing the third type of gradual fault.

Figure 4.16: Fan speed before introducing the third fault

Figure 4.17: Fan speed after introducing the third fault

Lastly, the fourth fault involves increasing the coolant temperature by 10% and 15%,
respectively, to indicate a cooling system issue that cannot be caused by the coolant level
or fan performance. The purpose of this fault is to detect the temperature change that
could have been caused by other cooling components for which the data could not be used
in this work. Figure 4.18 shows the normal coolant temperature readings that were later
modified to introduce the fourth gradual fault. On the other hand, Figure 4.19 shows the
coolant temperature readings containing the fourth type of gradual fault.
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Figure 4.18: Coolant temperature before introducing the fourth fault

Figure 4.19: Coolant temperature after introducing the fourth fault

4.2 Engine Torque System Data

4.2.1 Data Processing and Generation

Three sensors were chosen for the engine torque system - Accelerator Pedal Position 1,
Driver’s Demand Engine - Percent Torque, and Actual Engine - Percent Torque as these
were the only sensor readings recorded that had meaningful and accurate values. The sensor
readings were first decoded from J1939 packets using the J1939 specification document
and stored in a CSV file. The CSV file contained a timestamp associated with every
reading along with the sensor’s identifier (PGN-SPN). The data had to be restructured
and reshaped for training the DGAN model, similar to the case with the cooling system
data. The reshaping step included creating a dataset with each sensor as a column -
[Accelerator Pedal Position, Driver’s Demand Torque, Actual Engine Torque] - and each
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column had the sensor readings for its respective sensor for every timestamp. Doing so
eliminated all categorical variables and resulted in a dataset with only continuous values.
As mentioned in Subsection 4.1.1, the rows in the dataset had only one reading per row
and the other two columns had null values. This was caused because sensor readings were
appended to the dataset one by one to preserve the order of the sensor readings recorded
with respect to the timestamp. Additionally, the null values were filled using the forward
fill method as mentioned earlier so as to preserve the trends in the time series. The final
reshaped and processed dataset contained three columns, one for each sensor, and the
columns contained sensor readings for their respective sensor.
The final dataset was used as the input to the DGAN model for training and generating
synthetic data. As mentioned in Subsection 4.1.1, several hyperparameters needed to
be tried and tested to generate similar patterns in the synthetic data. In comparison to
the cooling system generation hyperparameters, the hyperparameters for the engine torque
system required larger sequence lengths and batch sizes, and the structure of the generative
network remained quite similar. The synthetic data generated from the best possible
tried configuration of the generative model presented some similarities in trends to the
original data, however, most synthetically simulated buses had unrealistic distributions and
patterns. The following figures provide a comparison between the moving averages (window
size 500) of the original sensor values and the synthetic sensor values generated using
the DGAN model: a) Figure 4.20 provides a comparison between the real and synthetic
accelerator pedal position values for a bus, b) Figure 4.21 provides a comparison between
the real and synthetic driver’s demand torque values for a bus, and c) Figure 4.22 provides
a comparison between the real and synthetic actual engine torque values for a bus. The
figures display high dependence and similarity among the real sensor values. A similar
trend can be observed in the similarity between the synthetically generated actual engine
torque values (Figure 4.22) and the synthetically generated driver’s demand torque values
(Figure 4.21). However, the synthetically generated accelerator pedal position values look
entirely different from the previous two which is inaccurate and unrealistic. The trend
of dependency among the three sensor readings is replicated but only to a certain degree
which makes it unrealistic. Furthermore, the values generated by the DGAN model contain
a lot of variance and fluctuations between consecutive readings, this does not hold true
with the real data. The real data had most values concentrated around the mean and also
many time periods when the accelerator was not pressed that is, at 0%. The pattern of
the accelerator pedal position and its dependent sensors being at 0% was also absent in
the synthetic data.
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Figure 4.20: Comparison between real and synthetic accelerator pedal position values

Figure 4.21: Comparison between real and synthetic driver’s demand torque values

Figure 4.22: Comparison between real and synthetic engine torque values
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The real data from the engine torque system was very rough along with a significant degree
of randomness. This could be justified by a driver’s behavior in pushing the accelerator
pedal influencing all three sensors. Furthermore, the sensor readings were taken from
a public bus that traveled around the city which would require constantly pressing and
releasing the accelerator pedal with varying amounts of force. Additionally, there was a
high dependence among the three sensor readings, that is, the driver’s demand torque
directly depended on the accelerator pedal position, and the actual engine torque directly
depended on the driver’s demand torque. Figure 4.23 contains three line plots with real
values (moving average) from the three sensors; the high dependence mentioned earlier is
visible in the figure with an overall (not strict) relation among the three sensor values as:

AcceleratorPedalPosition ≥ DriverDemandTorque ≥ EngineTorque

Figure 4.23: All three real sensor values plot

On the other hand, Figure 4.24 contains three line plots with synthetic values (moving
average) from the three sensors; the overall relation between the three sensors mentioned
earlier does not hold true consistently in the synthetic data making it unrealistic.

Figure 4.24: All three synthetic sensor values plot
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In addition to the dependence among the three sensor values, the distribution of the data
also does not appear to be realistic with constant irregular spikes in the values. A better
visualization of the inaccurate distribution can be visible in the difference between Figure
4.25 and Figure 4.28. Figure 4.25 contains the synthetic raw accelerator pedal position
sensor values along with the moving average and Figure 4.28 contains the original raw
accelerator pedal position sensor values along with the moving average.

Figure 4.25: Synthetic accelerator pedal position values with moving average

In summary, the synthetic data generated using the DGANmodel contained various inaccu-
racies making it unrealistic and unfit for predictive maintenance model training. The aim of
using a generative model for synthetic data generation is to get as close to the distributions
of real data as possible while maintaining realistic trends along with an acceptable degree
of randomness; this would result in realistic simulations of normally functioning buses.
Certain dependencies, trends, and value distributions must hold in normally functioning
buses and cannot be ignored, however, they could not be achieved using the generative
model. Although generating synthetic data to simulate buses using the DGAN model was
not the most feasible choice, a few insights received from the effort of using the generative
model are:

• The real data values are highly concentrated around the mean and negatively in-
fluence model performance by obstructing their interpretation of intricate trends,
therefore, this must be taken into account when preprocessing the data for training
predictive maintenance models.

• Although the similarity in values among the three sensors might appear clear to the
eye, using raw data values without sufficient preprocessing might result in low model
performance due to the noisy and varying structure of the data.
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4.2.2 Synthetic Data Generation with Trends

The attempt to generate synthetic data using the DGAN model was unsuccessful as ex-
plained in Subsection 4.2.1. Although certain similarities between the real data and the
synthetic data were visible, the overall distributions were inaccurate and not suitable for
training machine learning models for the task of predictive maintenance. Therefore, the
process of synthetic data generation needed to be done manually from scratch. The key
constraints and dependencies that the synthetic data must exhibit are:

• The relation established among the three sensors must hold true in all cases, that is,
the accelerator pedal position influences the driver’s demand engine torque, which in
turn influences the actual engine torque.

• The presence of “bins” where the accelerator pedal position is at 0% indicating that
the vehicle was halted. The “bins” mentioned are ranges for which the accelerator
pedal is not pressed at all and these ranges appear throughout the time series.

• The distribution of the non-zero values is concentrated around the mean value, that
is, the accelerator pedal position is most often pressed or held around its mean of 35%
to 40%, and therefore, the other two sensor readings also follow the same distribution
due to the chain of influence mentioned earlier.

Using this knowledge, the generation of synthetic data was done using samples from the
relevant distribution, using the current sensor reading to calculate the next sensor reading
(by adding or subtracting random values from the current reading), and introducing “bins”
throughout the time series.
The first step involved testing a variety of distributions to find the best fit for the real data.
Some of the popular distributions tested were the normal distribution, the exponential
distribution, the uniform distribution, the Cauchy distribution, the Weibull distribution,
and many other distributions from [116]. The metric used to evaluate the best fit of
distribution is the Akaike Information Criterion (AIC). AIC uses the maximum likelihood
estimation to compare the information value of models while penalizing the number of
parameters used by the models (complexity of the model) [22]. The maximum likelihood
estimation (or log-likelihood estimate) is the process of estimating the parameters of a
model in its ability to produce the observed results [97]. The model with the lowest AIC
score is considered the best fit. Equation 4.1 contains the formula for calculating AIC,
where K is the number of parameters used by the model and L is the likelihood estimate.

AIC = 2K − 2ln(L) (4.1)

The fitting of distributions was done with and without the 0% values to find the most
accurate representation of the range of values present in the real data. The reason behind
this is that simulating the “bins” and introducing 0% values throughout the time series
was relatively easier than simulating the accelerator pressing behavior and the resultant
torque produced. The main aim was that the final torque produced by the engine should
be realistic and accurate, this would automatically ensure that the preceding sensors would
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have realistic values as well due to the dependency among them.
The exponential distribution fitted using non-zero values had the most similar statistics
to the real data. The probability density function of the exponential distribution can be
expressed as in Equation 4.2 where λ is the rate parameter [90]:

F (x, λ) =

{
λe−λx if x > 0

0 otherwise
(4.2)

The exponential distribution and the normal distribution had very similar representations
of the real data containing non-zero values, however, the exponential distribution was found
to be more relevant as it contains a range of positive values, and smaller values are more
likely to be sampled than larger ones. Figure 4.26 contains a histogram plot of the values
in the real engine torque data and it is visible that small torque percentage values have a
higher frequency than high torque percentage values.

Figure 4.26: Histogram of the real engine torque values

Finding the best-fit distribution was the first step in generating synthetic data. However,
randomly sampling data from the distribution is a small part of the entire synthetic data
generation process. The simple random sampling of data would not produce a realistic
time series that maintains all the dependencies and constraints mentioned earlier.
The idea was to introduce accelerator pedal pressing behavior throughout the time series
as opposed to introducing “bins” to an existing time series, such as the one generated
by the DGAN model. The reason for this is that it gives us more control over how the
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non-zero values are generated so as to ensure that no constraints and dependencies are
violated. Therefore, a dataset is initialized with only zeroes as a placeholder, that is, it
contains only 0% values and could be considered as one large “bin”.
In order to add non-zero values to the synthetic accelerator pedal position data, there is a
small probability while iterating over the dataset that non-zero values will be added for a
range. The reason behind the small probability is that the length of the dataset is large and
choosing a small enough probability would result in the introduction of a significant amount
of non-zero values (indicating the vehicle was in motion) while preserving a reasonable
number of “bins” (indicating the vehicle was stationary). The range for which non-zero
values will be added to the dataset is set to simulate a random time period between 20
minutes and 45 minutes based on the length of the dataset and the polling frequencies of
the sensors. The first step in introducing a non-zero value is to take a random sample from
the distribution created. There is a small probability that the current value being added
to the dataset will be the random sample chosen. There is a large probability that the
current value being added to the dataset will depend on the previous value in the dataset.
Doing so will maintain temporal relationships between consecutive sensor readings in the
dataset. On the other hand, using a small probability for the current value to be a random
sample replicates the noisy behavior of the real data. The key ideas in using the previous
reading to calculate the current value to be used as a reading are as follows:

• There is a large probability that the current reading will be greater than the previous
reading by a small margin resulting in a slow upward trend.

• There is a small probability that the current reading will be smaller than the previous
reading but by a larger margin resulting in a fast downward trend.

Following this pattern in generating synthetic sensor readings for the accelerator pedal
position would result in a) slow increments in the pedal being pressed but over a longer
period of time, and b) fast releases in the accelerator pedal over a short period of time.
This approach falls in line with the usual real-world scenario where a driver would not
abruptly press the accelerator pedal to 100%, on the other hand, a driver would release
the accelerator pedal immediately to lower the speed or press the brake pedal. The values
added to the previous readings during the upward trend to get the current readings are
random values in the range of 0.4 and 2.5 with a step size of 0.1. The values deducted from
the previous readings during the downward trend to get the current readings are random
values in the range of 5.0 and 8.0 with a step size of 0.1. In addition to all the methods
used to add non-zero values, there was still a 5% chance that the current value would be
left as 0; this was to replicate the presence of noisy 0% values even during the motion of
the vehicle.
The aforementioned methods are first used in the generation of synthetic sensor data for
the accelerator pedal position. This is because the sensor readings of the other two sensors
entirely depend on the values of the accelerator pedal position, therefore, being accurate
in the synthetic generation of the accelerator pedal position data was necessary. The
following figures provide a comparison between the real accelerator pedal position data and
the synthetically generated accelerator pedal position data using the methods mentioned
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in this subsection: a) Figure 4.27 contains a graph with two moving averages (window size
= 500) comparing the real and synthetic accelerator pedal position data, b) Figure 4.28
contains a plot of the real accelerator pedal position data with a moving average (window
size = 500), and c) Figure 4.29 contains a plot of the synthetically generated accelerator
pedal position data with a moving average as well. The moving average window size for
the engine subsystem data is smaller than that used for the cooling subsystem data for a
better representation of the complex distribution of the raw data.

Figure 4.27: Comparison between the moving averages of real and synthetic accelerator
pedal position data

Figure 4.28: Real accelerator pedal position values with moving average
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Figure 4.29: Synthetic accelerator pedal position values with moving average

The generation of synthetic driver’s demand torque and actual engine torque was done
based on the synthetic data of the accelerator pedal position. The accelerator pedal posi-
tion’s value is generally larger than the driver’s demand torque’s value for a given times-
tamp and the driver’s demand torque’s value is larger than the actual engine torque’s value
for a given timestamp as established in Subsection 4.2.1. Therefore, for a given timestamp,
the driver’s demand torque’s value is calculated by subtracting a random value from the
accelerator pedal position value. The random value is chosen from a range of 0.4 to 10.0
with a step size of 0.1. The following figures provide a comparison between the real driver’s
demand torque data and the synthetically generated driver’s demand torque data using
the methods mentioned earlier: a) Figure 4.30 contains a graph with two moving averages
(window size = 500) comparing the real and synthetic driver’s demand torque data, b)
Figure 4.31 contains a plot of the real driver’s demand torque data with a moving average
(window size = 500), and c) Figure 4.32 contains a plot of the synthetically generated
driver’s demand torque data with a moving average as well.

Figure 4.30: Comparison between the moving averages of real and synthetic driver’s de-
mand torque data
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Figure 4.31: Real driver’s demand torque values with moving average

Figure 4.32: Synthetic driver’s demand torque values with moving average

The actual engine torque’s value is also calculated by subtracting a random value from the
accelerator pedal position’s value but the range of the random value is from 0.8 to 15.0
with a step size of 0.1. These ranges of random values would generally and probabilistically
result in the values of the driver’s demand torque being larger than the values of the actual
engine torque. However, for each timestamp, there is a 5% chance that the value for
either driver’s demand torque or actual engine torque will be a random sample from the
exponential distribution. Doing so will maintain the presence of noisy values across all the
sensors that are independent of each other. The following figures provide a comparison
between the real actual engine torque data and the synthetically generated actual engine
torque data using the methods mentioned earlier: a) Figure 4.33 contains a graph with
two moving averages (window size = 500) comparing the real and synthetic actual engine
torque data, b) Figure 4.34 contains a plot of the real actual engine torque data with a
moving average (window size = 500), and c) Figure 4.35 contains a plot of the synthetically
generated actual engine torque data with a moving average as well.
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Figure 4.33: Comparison between the moving averages of real and synthetic actual engine
torque data

Figure 4.34: Real actual engine torque values with moving average
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Figure 4.35: Synthetic actual engine torque values with moving average

There is another trend common in the driver’s demand torque data and the actual engine
torque data. When the size of a “bin” in the accelerator pedal position data is small, the
corresponding readings in the driver’s demand torque and the actual engine torque are
non-zero. This indicates that the vehicle was not turned off, the engine was required to
produce torque for miscellaneous reasons such as cruise control options, air conditioning,
etc. The driver’s demand torque values are also non-zero for either the previously men-
tioned reasons or some other mode setup. This trend was also introduced to the synthetic
data by measuring the interval between two non-zero value addition phases (or a “bin”)
and adding small random values to the two sensor’s data if the interval was small enough.
The interval was set by estimating a range (“bin” size) that corresponds to 15 minutes.
The methodology to generate synthetic engine torque system data described in this sub-
section appears to generate reasonably accurate and realistic synthetic data. This is visible
in the figures that compare the real and synthetic data. Despite the generative model not
being used, the manual approach to generate synthetic data based on probabilities and
data analytics seems to be comprehensive and robust as the formation of the methodology
required a rigorous amount of trial and error.

4.2.3 Gradual Fault Introduction

The engine torque system synthetic data generation process along with trends resulted
in 38 datasets, each representing a normal functioning bus. The data generation process
was based on the data from the real bus which is assumed to be functioning normally and
without any faults. Hence, the next step is to introduce gradual faults to some of the
simulated buses. Gradual faults were introduced to 6 out of 38 buses, thereby resulting
in approximately 15% of the buses possessing underlying faults. The assumption for the
number of buses chosen was similar to the one in the cooling system dataset, however,
faults related to the engine performance system are slightly less likely compared to the
faults in the cooling system. Additionally, lowering the percentage of faulty buses from
20% (as in the cooling system) to 15% provides an additional testing case for the proposed
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algorithm in Section 3.1, which is almost an imbalance problem. Achieving accurate re-
sults in a situation containing imbalance would validate the algorithm’s use in real-world
situations where most of the buses function normally and only a few may contain potential
faults.
The nature of the faults introduced is gradual, that is, the magnitude of the impact of the
faults is small and may not be noticed by the driver or existing detection mechanisms until
the fault grows to result in significant performance issues or component failure. Also, the
faults are introduced by observing patterns in the original bus data and adding modifica-
tions to them by assuming that normally functioning buses would exhibit similar trends
and patterns as the original bus. The faults introduced to the engine torque system pri-
marily indicate that the bus’s engine system is unable to deliver its full amount of torque
or potential. Moreover, all the faults result in lower actual engine torque being produced
as a fault in the accelerator pedal or the driver’s demand would directly influence the final
engine torque produced. Three types of gradual faults are introduced, and each type of
fault is introduced to two buses.
The first type of fault involves lowering the driver’s demand engine torque by approxi-
mately 13% and lowering the actual engine torque by approximately 14% throughout the
time series. This fault indicates that the driver’s demand engine torque system may be
misreading the pedal position, or may be miscalculating the amount of torque to deliver
due to malfunctioning sensors, faulty firmware, inefficient engine loads, and so on.

Figure 4.36: Driver’s demand engine torque before introducing the first fault
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Figure 4.37: Actual engine torque before introducing the first fault

Figure 4.38 contains a plot of the driver’s demand engine torque after faults were introduced
to its readings and Figure 4.39 contains a plot of the actual engine torque readings after
the first fault was introduced to it. Figure 4.36 and Figure 4.37 contain plots of the driver’s
demand engine torque and the actual engine torque readings before introducing faults to
them for comparison.

Figure 4.38: Driver’s demand engine torque after introducing the first fault
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Figure 4.39: Actual engine torque after introducing the first fault

The second fault involves lowering the actual engine torque by approximately 15% across
the time series. This fault indicates a potential fault in the engine and its inability to
deliver its maximum potential. This fault affects only the actual engine torque reading
and could be caused by any reason external to the other two sensors chosen for this work.
The second fault also covers the possibility that the gradual faults in the engine are not
caused by any of the sensors in this work and may be caused by factors that are not
recognized in this work.

Figure 4.40: Actual engine torque before introducing the second fault

Figure 4.41 contains a plot of the actual engine torque readings after the second fault was
introduced to it. Figure 4.40 contains a plot of the actual engine torque readings before
introducing faults to it for comparison.
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Figure 4.41: Actual engine torque after introducing the second fault

Lastly, the third fault involves gradually lowering the values of all three sensors throughout
the length of the time series. The reduction in the values in this fault is not flat but instead
is gradually increasing. This type of fault covers a situation in which a gradual fault is
experienced or caused during a bus’s up-time. For the third type of fault, the accelerator
pedal position was lowered by approximately 15% throughout the time series, the driver’s
demand torque was lowered by a little bit more (approximately 16-17%), and the actual
engine torque was lowered even more (approximately 18-20%) throughout the time series.
The primary cause of this type of fault would lie in the accelerator pedal position being
misread, or if the accelerator pedal cannot be pressed to its maximum possible position due
to mechanical or electrical malfunctioning. The faulty behavior of the accelerator pedal
results in a decrease in the readings of the other two sensors due to them being directly
dependent on the accelerator pedal.

Figure 4.42: Accelerator pedal position before introducing the third fault
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Figure 4.43: Driver’s demand engine torque before introducing the third fault

Figure 4.44: Actual engine torque before introducing the third fault

Figure 4.45 contains a plot of the accelerator pedal position readings after the third type
of fault was introduced to it, Figure 4.46 contains a plot of the driver’s demand engine
torque after fault introduction to its readings, and Figure 4.47 contains a plot of the
actual engine torque readings after the same type of fault was introduced to it. Figure
4.42, Figure 4.43, and Figure 4.44 contain plots of the accelerator pedal position, driver’s
demand engine torque, and the actual engine torque readings before introducing faults to
them for comparison.
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Figure 4.45: Accelerator pedal position after introducing the third fault

Figure 4.46: Driver’s demand engine torque after introducing the third fault

Figure 4.47: Actual engine torque after introducing the third fault
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After introducing gradual faults to the engine torque system data, the entire process of
generating synthetic data was complete. 40 buses were simulated for the cooling system
out of which 8 buses contained gradual faults, and 38 buses were simulated for the engine
torque system out of which 6 buses contained gradual faults.

In total, 78 datasets were generated belonging to two subsystems of an IoT-enabled
bus which reasonably and accurately compare to data from a real bus. Note that the data
generated in this work is completely independent of the proposed algorithm, in essence,
the synthetic data generation process was not influenced by the proposed algorithm to
encourage convenience and facilitate model performance. The synthetic data generated
as well as the faults introduced were based entirely on the trends, patterns, relations,
and distributions in the original data. Furthermore, the faults introduced were based on
heuristics and the most common complaints and faults experienced by users on the internet
across numerous transportation blogs and forums. Additionally, the figures in Subsection
4.1.3 and Subsection 4.2.3 that contain plots of sensor readings “before” faults were added
to them are included intentionally to provide an additional visual aid to demonstrate the
results of the synthetic data generation process for both the bus subsystems. Moreover, the
figures also provide a contrast between normal functioning buses and buses with gradual
faults and how a faulty subsystem may appear in the exact same circumstance.
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Chapter 5

Experiments and Results

This chapter contains the experiments conducted on the data generated in Chapter 4 using
the proposed predictive maintenance algorithm in Section 3.1; and the results from the ex-
periments are also discussed. The experiments are conducted on the individual subsystems
(cooling and engine torque) of the bus separately due to the difference in the structure of
data requiring different preprocessing techniques. Moreover, this work has grouped sensors
into subsystems based on relevance to and dependence on each other since the beginning
so conducting experiments on individual subsystems and discussing the results seems ap-
propriate. Furthermore, faults become easier to identify by isolating the faulty subsystem
with faulty sensor readings. For example, finding out that the cooling system of a bus
was flagged due to irregular fan speed and coolant temperature readings could help easily
identify the fault pertaining to the cooling system of a bus instead of flagging the whole bus
as faulty due to irregular sensor readings; the latter may require consideration of factors
in addition to the cooling system and result in inefficiency. Hence, grouping the sensors
based on relevance makes the fault identification step easier, so individual subsystems can
be flagged as faulty instead of the whole bus. Furthermore, the clustering is performed for
each sensor individually within a subsystem to identify any unusual patterns in the com-
ponent that may or may not have any relation to the other components. The clustering
results for each sensor in a subsystem of a bus can be combined to identify the type of
fault and the cause of deterioration by experts.
The reason behind choosing a clustering approach is mainly the lack of real data with
labels. Deep learning approaches have been rather popular amongst other methods due
to the increasing computational powers of systems and the possibility of performing heavy
computations at the cloud level instead of individual computers embedded in each vehi-
cle [133]. However, in cases of lack of labeled data, traditional machine learning algorithms
perform incredibly well. Deep learning methods largely rely on the quality of data and its
being labeled, furthermore, there is usually an imbalance in such tasks because most of
the vehicles function normally and only a few have potential problems - it is difficult for
deep learning methods to tackle such imbalance problems, especially without accurate and
sufficient data. Therefore, choosing an unsupervised clustering approach favors efficiency
and accuracy.
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5.1 Cooling System

The preprocessing of the cooling system data and the application of the predictive main-
tenance algorithm on it are discussed in this section.

5.1.1 Preprocessing

An initial preprocessing step for all cooling system sensor data includes converting all
the data from float to integer type for memory efficiency, doing so results in no loss of
information because the sensor recordings are whole numbers. Data from individual sensors
was selected separately for all the buses and grouped into three time series datasets - a)
coolant level data for all buses, b) fan speed for all buses, and c) coolant temperature for
all buses. Essentially, the data for each sensor is combined and formatted into time series
datasets containing 40 buses. Additional preprocessing steps were applied to the created
time series based on the characteristics and requirements of individual sensors.
Firstly, the readings in which the coolant level value is 0% are removed, as they are noise.
The coolant level values are fairly constant (in normal buses) throughout the up-time of
a single bus, that is, coolant level values are not expected to change abruptly and then
return to normal as it is practically improbable. Hence, using the entire duration of coolant
level recordings for a bus was not required so the size of the coolant level time series was
reduced by sampling sensor recordings at a fixed interval of 100. This increased efficiency
without potentially losing important data or trends. Additionally, the coolant level dataset
contained various values that are not relevant to any faults, for example, one bus may have
a coolant level of 85% and another with just 50%, but that does not mean that there is
anything wrong with either of them. Therefore, the shape of the time series was relevant
to the problem at hand and not the magnitude of the values. Hence, the coolant level
data was scaled to a distribution with zero mean and unit variance, doing so scaled all
the normal data to have the same value (of zero) and trends could be observed within a
standard deviation of approximately 1 and −1. The fan speed time series did not require
a lot of preprocessing due to its small domain of values, this implies that there were only a
few unique values present in the fan speed data due to an electric fan’s ability to operate
at a fixed rpm. Similar to the coolant level data, due to the limited value possibilities,
the entire length of the fan speed data was not necessary. So, the size of the time series
was reduced by sampling at a fixed interval of 10. The chosen value of the interval for the
fan speed (10) is deliberately smaller than the interval for the coolant level (100). This is
because choosing a larger interval resulted in almost eliminating the fan-turning-off (0%
values) trend from the time series. Although no faults have been introduced in this work
directly based on the fan’s ability to turn off and on, the behavior may be relevant in other
situations so those trends are preserved for experiment and algorithm testing purposes.
Lastly, the coolant temperature data is noisy and has fluctuations so the moving average
of the time series was calculated (with a window size of 1000) and used for smoothing the
data. Using the moving average instead of raw data values helped emphasize the underlying
trends while eliminating noisy and inconsistent readings. The coolant temperature time
series was also reduced in size to smooth the data further and to increase efficiency. The
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time series was sampled at a fixed interval of 200, which is larger than the values chosen
for the previous sensors because a larger sampling value was needed to make the noisy
coolant temperature data more interpretable. Furthermore, it was observed that reducing
the size of all three time series by fixed interval sampling did not negatively impact model
fitting and did not reduce the quality of the clusters created but only increased efficiency.

5.1.2 Model Hyperparameters

The choice of K (number of clusters) is based on the types of faults introduced for each
sensor. The number of clusters for the coolant level is chosen to be 2, the number of
clusters for the fan speed is chosen to be 3, and the number of clusters for the coolant
temperature is chosen to be 2. The chosen values of K are also validated by using the
elbow method mentioned in Chapter 3 for K values 2 to 7. The results show that the
aforementioned chosen values of K based on the type of faults are optimal, because the
sum of squared distances does not decrease significantly when increasing the value of K
beyond the optimal value. Also, if the sum of squared distances continues to decrease,
the clustering quality also decreases beyond the chosen values of K. The quality of the
clusters is determined by using the silhouette score. The data was clustered using two
distance metrics - the Euclidean distance and DTW. Additional hyperparameter tuning
was performed if the baseline models failed to perform accurately.

5.1.3 Coolant Level Results

The results of the Euclidean clustering and DTW clustering for the coolant level dataset
are the same. They both perform incredibly well at identifying the decline in the coolant
level so the Euclidean K-Means clustering model can be used for this problem for efficiency.
Moreover, the clustering models did not require any additional hyperparameter tuning and
were able to perform accurately using the default parameters. The silhouette scores of the
K=2 Euclidean clustering and the DTW clustering for the coolant level were equal to
0.99, which is extremely accurate. Figure 5.1 shows the two clusters using the Euclidean
distance, one contains all the normal buses (left) and the other (right) contains the two
buses with a decline in the coolant level. The thick red line in all the following cluster
figures depicts the cluster centroid, while the less opaque gray lines depict individual time
series.
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Figure 5.1: K=2 Clusters (Euclidean) for Coolant Level

5.1.4 Fan Speed Results

As for the fan speed time series, the Euclidean-based clustering without hyperparameter
tuning fails to detect the slightly higher rpm in the fan speed dataset and results in a
silhouette score of −0.24, which implies poor clustering quality. Figure 5.2 contains the
clusters from the initial Euclidean clustering model and it is visible that the first cluster
contains normal buses along with faulty buses (high fan speed rpm) as well as a normal
bus being clustered separately in the third cluster. The reason for this might be that the
0 rpm values in one bus might result in a large distance for congruent non-zero points in
other buses (normal without faults), so the slight increase does not result in a large enough
distance for it to be significant enough to be identified as a separate cluster. However,
increasing the number of centroid computations and the number of cluster initializations
enabled the Euclidean clustering model to detect the faulty fan speed readings accurately
and achieve a silhouette score of 0.88. On the other hand, the DTW-based clustering was
able to identify the two faults introduced to the fan speed and cluster them correctly with-
out any additional hyperparameter tuning, resulting in the same silhouette score of 0.88.
Figure 5.3 shows the clusters using DTW and it is visible that all the faults are identified
and clustered correctly - the first cluster contains all the normally functioning buses, the
second cluster contains all the faulty buses with a lower fan speed, and the third cluster
contains all the faulty buses with a higher than normal fan speed. The Euclidean-based
clustering after performing hyperparameter tuning forms the same clusters as the DTW
model with there being some differences in the structure of the centroids.
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Figure 5.2: K=3 Clusters (Euclidean) for Fan Speed

Figure 5.3: K=3 Clusters (DTW) for Fan Speed

5.1.5 Coolant Temperature Results

Lastly, for the coolant temperature time series, the Euclidean-based approach was initially
unable to detect any faults and also formed two clusters containing normal and faulty
buses jumbled up with a silhouette score of −0.10, indicating poor clustering quality.
However, this was expected due to the complex trends and patterns present in the coolant
temperature data. The noisy time series along with inconsistent temperature dips could
negatively affect the distance calculations between points that are not related or temporally
aligned. Figure 5.4 contains the clusters formed using Euclidean-based clustering without
any hyperparameter tuning, the results show inaccurate clusters. Although the initial
Euclidean model failed to perform well, performing hyperparameter tuning in the same
way as for the fan speed Euclidean model (increasing the number of centroid computations
and the number of cluster initializations) resulted in all the faulty buses being clustered
accurately. The model formed clusters with a silhouette score of 0.62 which is significantly
higher than the initial Euclidean model and Figure 5.5 shows the resultant clusters formed
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that are accurate. The first cluster contains all the normal buses and the second cluster
contains all the faulty buses in which the coolant temperature rises throughout the up-time.
Lastly, The DTW-based clustering model was able to identify the faults and cluster them
appropriately, although it failed to detect the slight rise in temperature in one bus. The rise
in temperature is very subtle and is not detected by the model. Additional hyperparameter
tuning also did not result in any change in the clusters. Figure 5.6 shows the clusters using
DTW and it is visible that there is a time series in cluster 2 in which the temperature
increases but it is clustered along with the normal buses. The silhouette score of the model
is 0.64, which is the highest among the three models for coolant temperature despite the
inaccurate clustering of one bus.

Figure 5.4: K=2 Clusters (Euclidean − No hyperparameter tuning) for Coolant Temper-
ature

Figure 5.5: K=2 Clusters (Euclidean − With hyperparameter tuning) for Coolant Tem-
perature
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Figure 5.6: K=2 Clusters (DTW) for Coolant Temperature

The second Euclidean model and the DTW model both perform well in terms of accurate
clustering and good clustering quality, therefore, additional data and testing are required to
select the most efficient and accurate model for coolant temperature data. Eight additional
test cases were generated specifically for the coolant temperature models to be evaluated
on. The generation of the test cases was done using the same steps mentioned in Section
4.1 − a) cooling temperature sensor data was first generated using the DGAN model, b)
missing trends were manually inserted into the data, and c) faults were added to two out
of the eight buses. The two well-performing models − DTW-based and Euclidean-based
with hyperparameter tuning − were used to cluster the test data. The models were only
fit (or trained) on the initial data and were used to make clusters directly on the test data,
in essence, the models were not retrained and re-initialized to perform clustering on the
additional test data. The results show that both models perform the same with a silhou-
ette score of 0.58; they are both able to cluster the normal buses accurately in one cluster
and the two faulty buses separately in another cluster. Hence, using the Euclidean-based
clustering model with hyperparameter tuning can be used for the coolant temperature due
to its accurate results and low complexity.

5.1.6 Summary of Results

In summary, all the models perform as expected and are able to identify and cluster the
faults appropriately while achieving high clustering quality. Table 5.1 contains the silhou-
ette scores from all the clustering models implemented for each sensor. Based on the results,
the Euclidean distance (with hyperparameter tuning) can be used to perform clustering
on the data belonging to the cooling system due to the simplicity of most of the trends
present in the cooling system sensor data. When considering the coolant temperature, the
Euclidean approach seems to be performing slightly better than the DTW-based approach
which is contrary to the expected result, however, the DTW-based approach performs bet-
ter when only considering the evaluation metrics. However, the Euclidean-based model
maintained the accuracy of its clustering with the test cases resulting in an overall higher
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accuracy of clustering than the DTW-based model. In situations like this where there is
a discrepancy between the clustering quality of one model and the clustering accuracy of
another, it could be beneficial to continue to use both models for clustering to avoid any
inaccuracy or performance loss from changes in the structure and complexity of data.

Sensor Euclidean Cluster-
ing

Euclidean Cluster-
ing (Hyperparame-
ter Tuning)

DTW Clustering

Coolant Level 0.99 − 0.99
Fan Speed −0.24 0.88 0.88
Coolant Tempera-
ture

−0.10 0.62 0.64

Coolant Tempera-
ture (Test)

− 0.58 0.58

Table 5.1: Silhouette scores of the clustering approaches for the coolant system

5.2 Engine Torque System

This section contains the preprocessing steps used on the engine torque system data gen-
erated in Section 4.2 to test the proposed algorithm in Section 3.1.

5.2.1 General Preprocessing

The engine torque system sensor data contains values concentrated highly around the
mean. Hence, the introduced gradual faults become difficult to observe due to the overall
distribution of the data being very similar to the normal data, that is, concentrated around
the mean. The primary effect of the faults introduced to the engine torque systems data
is the delivery of lower-than-normal performance, or the system being unable to deliver
its maximum possible performance. Therefore, the main preprocessing step of the engine
torque system data involves using only values above a high percentile range. Doing so
eliminates the large number of values around the mean that do not provide information
about the decreased performance and it also results in smaller datasets, thereby increas-
ing efficiency. The percentile values are retrieved from the original bus data that was
physically collected from a public bus as this is considered the ground truth of a normally
functioning bus. The percentile value ranges were chosen for each sensor based on repeated
testing to find the optimal threshold beyond which relevant and informative data could be
used. The percentile values chosen for each sensor are − a) greater than the 90th percentile
value for the accelerator pedal position, b) greater than the 95th percentile value for the
driver’s demand eng torque, and c) greater than the 95th percentile value for the actual
engine torque. Considering only the higher percentile ranges of values allowed the models
to perform clustering on the data in which the changes in performance could be observed.
Furthermore, this resulted in time series of varying lengths as different buses have different
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numbers of values in the aforementioned ranges due to the location and time of their opera-
tion. This implies that buses operating in peak hours in the city may tend to have a higher
demand for high torque due to traffic (and frequently having to move the vehicle from
standstill) as opposed to buses operating in the outskirts of the city with less traffic and
fewer traffic lights as torque is then only needed to overcome wind resistance and friction.
In addition to the buses demanding lower torque, the faulty buses may also not have as
many values in the higher percentile ranges due to their inability to deliver the demanded
torque. Hence, the mentioned percentile values were considered optimal as they contained
reasonable sensor data from all buses and could be used to train models. After selecting
the relevant data based on percentile values, the second preprocessing step involved taking
the moving average of all the sensor data to smooth it and emphasize on the underlying
trend and distribution. This was essential as the sensor data from the engine torque sys-
tem was noisy and rough. Lastly, the size of the datasets was reduced by sampling at a
fixed interval of 100 for all sensors. Doing so further reduced the size of the datasets to
increase efficiency while avoiding any loss of useful information and trends. After all the
preprocessing steps were conducted on the sensor data, the individual datasets were ready
to be reshaped into time series for each sensor. In essence, three time series were created,
one for each sensor, and each time series contained data from all buses for that sensor.
This is the same reshaping method that was also used in Section 5.1. Moreover, the data
was clustered using two distance metrics - the Euclidean distance and DTW. Additional
hyperparameter tuning was performed if the baseline models failed to perform accurately.
However, one major limitation of using the Euclidean distance is that all the time series
needed to be of the same length. This was not possible due to the preprocessing steps
mentioned earlier as they resulted in time series of varying lengths. Hence, to evaluate
the performance of Euclidean-based models, all of the sensor data was selected, that is, no
percentile ranges and thresholds were used to select only part of the data. This resulted
in all the time series being of the same length (as they were generated in Section 4.2) so
they could be used with the Euclidean-based clustering models. Preprocessing steps for
the data to be used for the Euclidean-based models included taking the moving average
to smooth the data and eliminate roughness and noise, and then sampling the data at a
fixed interval of 100 to reduce the size of the datasets to increase efficiency. It is impor-
tant to note that reducing the sizes of the datasets by fixed interval sampling was tested
thoroughly to ensure that no information was lost and that there was no negative impact
on the fitting of the clustering models and their consequent performance. On the other
hand, the reduction only increased efficiency. Lastly, after the simple preprocessing steps
for Euclidean clustering, the datasets were reshaped into three time series − one for each
sensor.

5.2.2 Model Hyperparameters

Similar to the experiments conducted for the cooling system, the choice of K (number of
clusters) is based on the types of faults introduced for each sensor. The number of clus-
ters for the actual engine torque is chosen to be 3, the number of clusters for the driver’s
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demand engine torque is chosen to be 3, and the number of clusters for the accelerator
pedal position is chosen to be 2. The chosen values of K are also validated by using the
elbow method mentioned in Section 3.3.2 for K values 2 to 7. The results show that the
chosen values of K based on the type of faults, are optimal, because the sum of squared
distances does not decrease significantly when increasing the value of K beyond the optimal
value. Also, if the sum of squared distances continues to decrease, the clustering quality
also decreases beyond the chosen values of K. The quality of the clusters is determined by
using the silhouette score.

5.2.3 Actual Engine Torque Results

DTW-based clustering was able to accurately cluster the actual engine torque data with a
silhouette score of 0.88. The silhouette score is considerably high, especially when forming
clusters for noisy data. Figure 5.7 shows the results from the DTW clustering, the first
cluster contains the faulty buses with a low maximum performance, the second cluster
contains all the normal buses, and the third cluster contains the faulty buses with a slow
decline in performance throughout the duration of the buses’ up-time. It is visible that
all the buses were clustered accurately. Also, no additional hyperparameter tuning was
necessary to achieve accurate clusters. On the other hand, the Euclidean distance model
failed to cluster the data accurately and resulted in a silhouette score of 0.37. The silhouette
score is not extremely low but the clusters formed are entirely inaccurate as visible in
Figure 5.8. Furthermore, the Euclidean-based model was implemented with additional
hyperparameter tuning to increase the model’s capacity to compare a large number of
centroids to find the optimal ones. The hyperparameters changed were the number of
initializations of the cluster and the number of computations of centroids.

Figure 5.7: K=3 Clusters (DTW) for Actual Engine Torque
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Figure 5.8: K=3 Clusters (Euclidean) for Actual Engine Torque

5.2.4 Driver’s Demand Engine Torque Results

DTW-based clustering was also able to accurately cluster the driver’s demand engine torque
data and achieve a silhouette score of 0.84 which indicates very good quality clustering.
Figure 5.9 contains the results from the DTW-based clustering model for the driver’s
demand engine torque, it is visible that all the buses were clustered appropriately − the
first cluster contains all the normal buses, the second cluster contains the faulty buses in
which the demanded torque declines throughout the buses’ up-time, and the third cluster
contains the faulty buses with a lower-than-normal demanded torque. On the other hand,
Euclidean-based clustering was not able to cluster the data accurately despite the additional
hyperparameter tuning and increased model complexity. The silhouette score achieved by
the Euclidean model was 0.32 which is low and implies bad quality clusters. This is visible
in Figure 5.10 which contains the results from the Euclidean-based clustering model for
the driver’s demand engine torque time series.

Figure 5.9: K=3 Clusters (DTW) for Driver’s Demand Engine Torque
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Figure 5.10: K=3 Clusters (Euclidean) for Driver’s Demand Engine Torque

5.2.5 Accelerator Pedal Position Results

Lastly, successful and accurate clustering for the accelerator pedal position was also achieved
using DTW-based clustering with a silhouette score of 0.79. This score is very high, es-
pecially when considering the fact that only 2 out of the 38 buses contained faults in the
accelerator pedal, that is, there is an imbalance of approximately 5% in the accelerator
pedal position time series and achieving a high clustering quality score along with accurate
results strongly validates the efficiency and performance the proposed algorithm. Figure
5.11 shows the results from the DTW-based clustering model for the accelerator pedal
position and it is visible that the first cluster contains all the normal buses and the second
cluster contains the two faulty buses in which the maximum possible position of the ac-
celerator pedal keeps declining throughout the buses’ up-time. Euclidean-based clustering
was also not able to achieve good results for the accelerator pedal position data. The
silhouette score achieved by the Euclidean-based clustering mode was 0.39 which is low
and indicates poor clustering. The results from the Euclidean-based model are visible in
Figure 5.12. The Euclidean-based model for the accelerator pedal position was also tuned
to increase the number of centroid computations and the number of cluster initializations
but failed to achieve accurate clustering.
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Figure 5.11: K=2 Clusters (DTW) for Accelerator Pedal Position

Figure 5.12: K=2 Clusters (Euclidean) for Accelerator Pedal Position

5.2.6 Summary of Results

To summarize the results from the experiments conducted for the engine torque systems,
the DTW-based clustering model performed incredibly well in accurately clustering the
buses based on functioning and faults, especially when considering the imbalance in the
number of faulty and normal sensor readings across the three time series. Euclidean-based
clustering was unsuccessful for all three sensors, however, this was expected due to the
complexity of trends and distributions of the data belonging to the engine torque system.
The limitation of having equal-sized time series results in inadequate preprocessing for the
Euclidean-based models. Furthermore, due to the randomness and varying trends in the
data, simply calculating the distance between points one by one based on indices does not
seem sufficient to compare the time series. Attempting to use percentile ranges for the
Euclidean-based models, followed by equalizing the lengths of the time series while ensur-
ing no information is lost, and also while maintaining temporal correlations unnecessarily
complicates the process and seems impractical as opposed to using DTW-based clustering
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models for the engine subsystem. Moreover, the DTW-based models did not even require
additional hyperparameter tuning as opposed to the Euclidean-based models, thereby in-
creasing the simplicity of using DTW as the metric for the engine torque system. Table 5.2
contains the silhouette scores of clusters formed by the DTW-based models and Euclidean-
based models with additional hyperparameter tuning for the three sensors belonging to the
engine torque system. The DTW-based models outperform the Euclidean-based models in
terms of accuracy, clustering quality, and simplicity.

Sensor DTW Clustering Euclidean Clustering (Hy-
perparameter Tuning)

Actual Engine Torque 0.88 0.37
Driver’s Demand Engine
Torque

0.84 0.32

Accelerator Pedal Position 0.79 0.39

Table 5.2: Silhouette scores of the clustering approaches for the engine torque system
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Chapter 6

Conclusion

6.1 Summary

The work in this thesis addresses the issue of common maintenance strategies being costly
and inefficient. Traditional maintenance methods, often relying on scheduled check-ups,
are not only resource-intensive but can also lead to unnecessary downtime and mainte-
nance activities when no issues are present. This thesis shines a light on an alternative
strategy that is cost and time-efficient - predictive maintenance - and presents an algorithm
to implement it. Predictive maintenance leverages data analytics and machine learning to
anticipate potential faults before they result in significant failures. The work in this thesis
presents an innovative clustering-based algorithm designed to implement predictive main-
tenance effectively. The presented algorithm is thoroughly tested for the cooling system
and the engine torque system of a public bus to validate its performance, effectiveness, and
practicality.
To address the challenge of insufficient and low-quality data, this thesis also generates two
synthetic time series datasets to simulate two scenarios: a) buses that operate normally,
and b) buses with underlying faults and gradual deterioration that would not be identified
by standard maintenance systems, because the faults have not crossed a threshold after
which they would result in component failure and damage. The aim of the datasets was
to enable the training of models that could detect these underlying faults accurately and
distinguish them from the buses that are normal. Doing so could allow the user to take
preemptive measures to have the problem rectified without resulting in any failures and
breakdowns. Such an approach ensures efficiency in terms of cost, resources, and time, and
most importantly the safety of the user.
The clustering models in this work were trained mainly using synthetic data and focused
on only six sensors in total. This was because other sensor data from the cooling system
and the engine torque system could not be used due to them being just noise and unavail-
able. Despite these limitations, the models demonstrated promising results in accurately
identifying potential faults.
The data and models in this thesis belong to the cooling system and the engine torque
system, however, the approach presented in this thesis could be extended to any subsystem
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of a bus such as the braking system or the engine speed delivery system. Creating models
for these subsystems and combining them altogether could be used to perform predictive
maintenance comprehensively for the entire bus so that no faults could go undetected.

6.2 Future Work

In conclusion, the work in this thesis addresses critical challenges in traditional mainte-
nance strategies by presenting a cost-effective, time-efficient predictive maintenance ap-
proach. By leveraging synthetic data generation, advanced machine learning algorithms,
and a focus on specific subsystems, this research provides a robust framework for improving
maintenance practices. However, there is still room for improvement and advancement in
the proposed approach.
A direction forward would be to gather additional real data from multiple buses of different
models under various weather conditions over an extended period of time. This real-world
data collection would provide a more diverse and robust dataset, enhancing the accuracy
and generalizability of the predictive models. Furthermore, any buses experiencing faults
could be labeled and the previous trips of those buses could be analyzed and used in the
training of the model to find and predict the trends that resulted in failure.
Collecting sufficient data can permit the use of advanced and complex frameworks such as
deep learning models that rely heavily on the amount of data they are trained on. Several
trips of a single bus can be fed to models like transformers to expand the duration between
the onset of deterioration and its detection. This would enable even earlier detection of
potential issues, further improving maintenance strategies and enhancing the overall safety
and efficiency of the transportation system.
Moreover, integrating IoT devices with advanced data analytics platforms can facilitate
real-time monitoring and predictive maintenance. This integration would allow for contin-
uous data collection and immediate analysis, providing instant alerts and recommendations
for maintenance actions. The use of such an IoT architecture for a fleet of vehicles can
enable and enhance scalability to handle large volumes of data and conduct predictive
maintenance for an extensive fleet.
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[18] Peter Bühlmann. Bagging, boosting and ensemble methods. Handbook of computa-
tional statistics: Concepts and methods, pages 985–1022, 2012.

[19] Zaharah Allah Bukhsh, Aaqib Saeed, Irina Stipanovic, and Andre G Doree. Pre-
dictive maintenance using tree-based classification techniques: A case of railway
switches. Transportation Research Part C: Emerging Technologies, 101:35–54, 2019.
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