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Abstract

Unmanned Aerial Vehicles (UAVs) have become increasingly integral to a diverse array of
industrial applications, including military, civilian, and commercial uses. Ensuring their
airworthiness is critical for the safe and effective operation of UAVs. This necessitates
advancements in sophisticated urban air traffic management strategies and the implementation
of robust evaluation tools. Assessing UAV airworthiness requires a detailed examination of
their reliability or health state, utilizing available data and model-based evaluation criteria.

Evaluating the reliability of UAVs involves analysing their capacity to perform designated
functions reliably, safely, and efficiently over a specified period. This critical evaluation
requires continuous monitoring and analysis of data pertaining to the UAV’s operational
performance, including indicators such as reliability, maintainability, and availability.

In this context, this thesis explores and establishes diverse methodologies adaptable to
various scenarios, considering the format and quantity of available source data. By employing
both statistical and data-driven approaches, the research developed models for assessing the
reliability and performance degradation of UAVs at both the component and system levels.
Through FMEA, critical failure modes in UAV propulsion systems were identified, revealing
that motor failures account for approximately 45% of total failures. Weibull analysis predicted
motor failures with a 90% confidence interval, highlighting wear-out mechanisms as
predominant. Additionally, LSTM-based models for predicting UAV performance degradation
achieved an accuracy of 85% in forecasting remaining useful life (RUL). These models
demonstrated significant potential in enhancing predictive maintenance strategies, reducing
downtime by up to 30%, and improving the overall reliability and safety of UAV operations.
This work aims to refine UAV airworthiness evaluation methodologies, ensuring their safe

integration and operation in complex airspace systems.
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Chapter 1 Introduction

Tasks that were previously thought to be impossible or prohibitively expensive are now
possible thanks to Unmanned Aerial Vehicles (UAVs), which are transforming a variety of
modern applications, including military operations and commercial services. As their role in
Urban Air Mobility (UAM) grows, they face more difficulties in maintaining airworthiness and
operational safety. The foundation for the thesis is laid out in this chapter, which highlights the
urgent need for secure and dependable UAV systems. It draws attention to how important
airworthiness certification is becoming as a requirement for integrating UAVs into intricate
airspaces. In order to address the dependability and airworthiness of UAV propulsion systems,

the chapter also describes the goals, parameters, and difficulties of the research.

1.1 Background

Over the past few decades, the world has witnessed a rapid rise in Unmanned Aerial
Vehicles (UAVs) numbers and applications as described by the Federal Aviation Administration
and O’Donnell [1], [2]. Due to their affordable pricing and versatile functions, they have
become easily accessible and have been favoured by the public to perform complex tasks [3],
[4] that would otherwise be nearly impossible or costly. As described by Ahmed et al, UAVs
fulfil various possible use cases and combined with their increased usage, they are expected to
play a significant role in urban air mobility (UAM) [5], where multi-layer mobility is expected

to be established in urban airspace, especially to alleviate ground traffic congestion [6], [7],

(81, [9].

1.1.1 UAV Operation Phase Analysis
In a typical commercial UAV operation, there are certain phases involved in planning and
executing the flight operation. For recreational flights, the phases are simplified to execute the

flights in low-risk airspace. Commercially, when involving a large UAV or an operation in



high-risk airspace, there will be additional phases that consider aspects such as risk assessment,
certification of UAV, permits, etc.

To generalize all the phases that are involved in a typical commercial UAV operation, a
framework is summarized in Figure 1.1. In the pre-licensing phase, the UAV to be flown is sent
for certification and its airworthiness is then assessed by regulators. Upon completion of this
phase, the UAV operators will be granted operator permits, and activity permits depending on
the proposed airspace to be flown in.

Planning stage
Re-plan

Pre-licensing Strategical Tactical Operational Post-flight

To certify airworthiness of UAV - To assess UAV's health
through logs inspection

To ensure airworthiness of UAV for persistent and analysis
operations or post-maintenance

To assess if UAV

is fit-for-flight For real-time fault diagnosis

and fault-tolerant control
Figure 1.1: Phases illustration of UAV operations.

Next, the planning stage includes strategical and tactical phases as described by Gongalves
et al. [10]. The strategical phase can last anywhere from days to hours before the time of flight.
In this phase, the airworthiness of the UAV is checked by performing required maintenance or
preparations for flight. The tactical phase is from hours to minutes before a flight, where the
operators ensure the UAV is fit-for-flight at the operating location.

Once the mission starts, UAVs can either be piloted by a remote pilot or by autonomous
control. During this operational phase, real-time fault diagnosis and fault-tolerant control are
implemented to ensure the UAV remains controllable and performs its operation safely. The
post-flight phase commences when all the UAV flights and sorties are completed. Here, the
UAV operators will inspect the UAV’s health using flight data from sensors and fault diagnosis

systems. Whether the UAV requires maintenance, repair, or preparation for the next flight



mission, re-planning will commence following the post-flight phase.

1.2 Significance of UAV reliability study

As the number of UAVs being used across various applications continues to rise, there has
also been a rise in the number of UAV accidents. Sudden mechanical failures in propulsion
systems are the most common cause of such accidents, accounting for about 40% in 2015 and
60% in 2016 [10]. Therefore, it is crucial to evaluate the reliability of the UAV propulsion

system and provide reliable support strategies for maintenance or replacement.

1.2.1 Regulatory Landscape and Challenges in UAV Certification

The advent of UAM underscores the necessity of ensuring UAV airworthiness for their safe
integration and operation within urban environments. This imperative has spurred a focused
stream of research dedicated to the airworthiness assessment of UAVs through the lens of
reliability engineering. Central to this discourse is the introduction of reliability modelling-
based characterizations, aimed at estimating airworthiness with an emphasis on the resilience
and dependability of UAV operations. Concurrently, there has been a significant advancement
in the development of sophisticated, data-driven algorithms leveraging machine learning.
These innovations offer a nuanced approach to understanding and enhancing UAV reliability,
highlighting the critical intersection of traditional engineering principles with cutting-edge
computational methodologies in the pursuit of operational excellence in UAV systems.

This project covered the UAV phase analysis as summarised in Figure 1.1 and Section 1.1.1.
The actual research roadmap is based on the collected data parameters from the UAV in the
Post-flight phase to build up the evaluation model and principle to reflect the drone’s health
and safety. Then these established criteria could be used in the Pre-licensing phase to certify
the airworthiness of the UAV which can be the fundamental input for the following Strategic

and Tactical phases. Therefore, the core research work of this project focuses on the effective



modelling ability based on the UAV flight data.

Presently, a standardized regulatory framework specifically designed for the safe
operational management of UAVs is absent. Nevertheless, it is posited that there exists a
substantial overlap in airworthiness considerations between manned and unmanned aircraft
[11], [12]. This assumption suggests a foundational basis for developing UAV-specific
regulatory measures.

Despite these considerations, the literature reveals notable deficiencies, particularly in the
methodologies for assessing the reliability of various UAV system components as per defined
criteria. Compounding this issue is the scarcity of UAV-specific datasets, which are pivotal for
comprehensive reliability analysis. In the context of Singapore, the development of a
generalized reliability model is advocated as a strategic imperative to facilitate the licensing
and regulatory oversight of Unmanned Aerial Systems (UAS). Such a model would not only
bridge the existing knowledge gap but also significantly enhance the efficiency of current

processes on a quantitative level.

1.3 Research Roadmap

This study follows the reliability analysis framework as presented in Figure 1.2. The
framework, which draws from several studies [13], [14], [15], [16], [17], provides a concise
overview of two primary ideas for achieving overall system reliability in any given system,
which are component level analysis and system level analysis.

A UAV comprises of an array of components that make up different subsystems, introduced
in a previous report from ATMRI [18] which include:

e Airframe

e Propulsion

e Power distribution and storage
e Flight control

e Navigation/GPS



Each of these subsystems has its unique set of components, all of which contribute to

subsystem-level reliability and, in turn, the overall UAS reliability.
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Figure 1.2: Established reliability framework.

Motivated by the demands for safe UAV operations this research aims to explore the topic
of UAV reliability evaluation. In detail, the following objectives are expected to be achieved in
this research project:

(@) Evaluate UAV Propulsion Reliability: Develop a framework to assess the reliability
of electric UAV propulsion systems using Failure Mode and Effects Analysis Based on
the preliminary research above, the quantitative method is developed to predict UAV
propulsion system reliability.

(b) Develop Quantitative Reliability Models: Establish and validate quantitative
methods, including statistical modelling, to predict the reliability of UAV propulsion
systems based on empirical data and system performance metrics.

(c) Simulate Health Conditions for Octorotor UAVs: Develop a simulation method to
model the health conditions of Octorotor UAVs under various operational assumptions,
enabling the conceptualization and testing of reliability modelling approaches.

(d) Conduct Experimental Data Collection: Perform controlled experiments on UAV



propulsion systems to generate necessary failure data for model development and
validation, ensuring reliability insights grounded in real-world performance.

(e) Extend Methodologies Across UAV Components: Expand the developed reliability
evaluation methodologies to encompass other critical UAV components, contributing
to a holistic evaluation of airworthiness.

(f) Design a Comprehensive Testbed: Create an advanced testbed capable of evaluating
the time-to-failure of multiple UAV components simultaneously. Integrate hardware
and software configurations to enable continuous, parallel experiments, supported by
robust statistical methods such as Weibull and Bayesian analysis.

(9) Enable Predictive Modelling for UAV Degradation: Develop an experimental
platform for manual UAV flight tests in controlled environments to collect real-time
sensor data. Leverage advanced data mining and deep learning techniques to model and
predict performance degradation, enhancing predictive maintenance strategies.

Based on the research output above, the quantitative method framework is needed to be

conceptually developed and organized to be able to predict the UAV system or component’s
reliability with corresponding input information. The developed methodologies could support

the airworthiness evaluation of the missioned UAV.

1.4 Scope
Darrah et al.[19] considers how - from a reliability research perspective - UAV performance
and failure record data serve as the primary resources for basic analysis. This research leverages
three types of data to explore effective methodologies, as illustrated in Figure 1.3:
1. Simulation-Generated Samples: In the early stages of the project, when information and
material are limited, simulation-generated data under certain assumptions for defined
failed components are utilized. This approach is particularly useful for exploring models

with limited input data. The multiple rotors' various combinations and the resultant



controllability and reliability of the drone were analysed based on simulation data using
Markov state generation and modelling methods.

Testbed Data: This data is generated from a constructed testbed for the UAV's critical
components, such as motors, ESCs (Electronic Speed Controllers), and batteries. These
components were tested under controlled environmental and operational conditions.
The ability to perform continuous operations makes statistical methods, such as Weibull
modelling, applicable. Time-to-failure data samples were collected to build the
reliability models.

Experimental Flight Log Data: Collected from actual UAV flights, this data reflects real
operational conditions and performance. The data, recorded by multiple sensors, is
substantial in both size and dimension. Advanced deep learning algorithms were

developed to characterize the UAV's health state and detect hidden degradation

indicators from this extensive dataset.
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Figure 1.3:Research matrix of UAV reliability and performance degradation.

The research map in Figure 1.3 illustrates the progression from simulation data to real-time

failure data generation, and from component-level to system-level characterization. The

applied methods evolved from assumption-based approaches to more realistic, data-driven



methodologies. This project utilizes these three types of data and modelling methods for several
reasons:
(a) Data Availability: The availability of data samples varies at different project stages,

with manual flight data requiring significant effort during the experimental period.

(b) Comprehensive Reliability Modelling: Both component-level and system-level
reliability parameters are essential for accurate UAV reliability modelling. For instance,
component failure rates calculated from testbed data can update simulation model
inputs. Additionally, combining multiple component reliability parameters helps build
a system reliability model, which can be compared with deep learning methods for UAV
system failure prediction.

(c) Diverse Data Formats: In real-world airworthiness management, data formats and types
are diverse. This study aims to ensure the developed methods and models are applicable
and useful during implementation. For example, a trained high-performance deep
learning model can predict the Remaining Useful Life (RUL) of a drone based on its
sensor readings during actual flights.

In summary, this research navigates through the complexities of enhancing UAV reliability
by leveraging simulation-generated samples, testbed data, and experimental flight log data. By
evolving the applied methods from strong assumption-based approaches to realistic data-driven
models, the study addresses key challenges and provides robust solutions for UAV reliability

and airworthiness evaluations.

1.5 Challenges Addressed
This research navigates the intricate challenges of enhancing the reliability and safety of
Unmanned Aerial Vehicles (UAVs). The thesis aims to tackle the complexities associated with

predicting component failures and establishing a robust testing framework that can operate



under diverse conditions. This endeavour is further complicated by the evolving regulatory
landscape for UAV operations, highlighting the need for innovative solutions that align with
safety standards and operational efficiency. The major technical challenges addressed in this
research include:

(d) Sparse and Heterogeneous Data: Due to the limited occurrence of real-world failures
and variability in operational settings, acquiring a comprehensive and diverse dataset
for UAV propulsion system failures is challenging. Additionally, there is a lack of ready-
made failure databases for multirotor-type UAVs, which is a bottleneck for data-driven
reliability evaluations.

(b) Limited Testing Scenarios: Extensive real-world testing for UAV propulsion system
dependability is often constrained by cost, time, and safety concerns. Strategies are
needed to extend reliability assessments from small-scale testing settings to larger
operational contexts. This includes developing precise accelerated testing
methodologies, verified simulation models, and strategies for transferring knowledge
from related disciplines.

(c) Short Product Lifecycles and Rapid Technological Advances: With constant
breakthroughs in materials, design, and technology, the field of UAV propulsion
systems is continuously evolving. Traditional reliability evaluation methodologies may
struggle to keep pace with reduced product lifecycles and changing designs. Adaptive
reliability evaluation approaches must be developed to assess the dependability of new
and innovative propulsion system designs while accounting for the uncertainties
introduced by evolving technology.

(d) Dependency on Setup and Environment: UAV failure mechanisms are heavily
dependent on the specific drone setup and operating environment. Therefore, the

assumed failure rates in simulation studies need to be representative of actual
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conditions.

(e) Critical Component Identification: There are multiple components in a UAV system,
but the most critical ones that determine the major failure causes are not transparently
reported in the literature and require further study.

(f) Testbed Construction: Constructing the UAV component testbed requires
harmonization of both hardware and software. Challenges include synchronization of
data collection during parallel testing of multiple components and the development of
proper data cleaning and model fitting methods to reflect component reliability
accurately.

(9) Absence of Comprehensive Failure Database: The lack of a comprehensive UAV failure
database presents a significant challenge for implementing data-driven approaches in
drone health monitoring and degradation assessment. Designing and building a UAV
experiment platform to continuously gather sufficient sensor data is the first crucial
step. The subsequent challenge is developing data cleaning and deep learning-based
algorithms to quantitatively predict the UAV's remaining useful life (RUL).

A significant challenge lies in the practical application and validation of the methods and
models developed in this research. The objective is to quantitatively assess airworthiness by
leveraging the available data and insights. This necessitates not only the theoretical formulation
of models but also their empirical testing and refinement in real-world scenarios to ensure their
effectiveness in supporting UAV airworthiness evaluations.

Overall, this research aims to address these challenges by developing and validating
advanced methodologies for UAV reliability assessment, ultimately contributing to safer and

more efficient UAV operations in urban airspace.

1.6 OQutline

In this thesis, the research is arranged as follows:
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Chapter 1: Introduction
Introduces the significance of UAVs, outlines the need for advanced reliability and
degradation modelling, and sets the stage for the research scope and challenges.
Chapter 2: Literature Review
Reviews existing UAV reliability evaluation methods, focusing on Markov-chain
models, statistical approaches, and the emerging role of deep learning in degradation
prediction.
Chapter 3: UAV Propulsion System FMEA
Present the Failure Mode and Effect Analysis (FMEA) for the propulsion system of an
Electric UAV assisting in the design of experimental models in Chapters 5 and 6
Chapter 4: Markov-chain Based Controllability Evaluation
Presents a Markov-chain analysis for assessing the controllability and reliability of
multirotor UAVSs, offering a novel framework for evaluation.
Chapter 5: Testbed for UAV Component’s Reliability Analysis
Describes the setup and implementation of a testbed designed for empirical reliability
analysis of UAV components along with the analysis of the data to create models.
Chapter 6: Degradation Flight Testing and Results
Details the methodology and findings from flight tests conducted to model UAV
performance degradation, showcasing the application of Weibull models and LSTM
autoencoders.
Chapter 7: Summary
Summarizes the key findings, contributions to UAV reliability modelling and suggests
directions for future research to enhance UAV airworthiness through predictive

maintenance strategies.
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Chapter 2 Literature review

To lay the groundwork for the methods and strategies created in this thesis, this chapter
examines the state of research on UAV airworthiness and reliability. There is a thorough
examination of reliability analysis methods, such as statistical models, Fault Tree Analysis
(FTA), and Failure Mode and Effects Analysis (FMEA). The conversation goes on to discuss
contemporary strategies that make use of data-driven techniques like Markov models and deep
learning, highlighting both their advantages and disadvantages. The need for this research is
highlighted by the identification of important gaps in the body of existing literature, especially

the dearth of reliability data specific to UAVs.

2.1 Related concepts

To evaluate the reliability of UAVs, a set of closely related terms and definitions are first
emphasized herein.
Airworthiness: Refers to the ability of a system to meet its intended objectives and
specifications.
Reliability: A term to measure the performance of a component operating the specified
functions in a specified time. This defines the probability of a component to normally finishing
its required mission without failure under stated conditions.
Component: Refers to a part or module of the off-the-shelf UAVs, not the raw material for
product design in this thesis.
Criticality: A measure of the failure of UAV components in terms of the frequency and
consequences.
Failure: An undesirable event in which the UAV component fails to operate normally as
specified.

Failure mode: Consequences of failure.
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Failure effect: Consequences of a failure mode.

Failure mode and effects analysis (FMEA): A process to analyse the failure mode of
components and determine the effects.

Fault tree analysis (FTA): A technique of system analysis, which identifies all possible causes
from a single potential failure mode and analyses system errors. FTA considers both interrelated
and independent causes. In addition to the fault tree structure and all logical associations, FTA
usually includes the identification of failure probability, so that the system reliability can be
found from the reliability of components.

Failure rate (FR): The total number of failures of a UAV component in the given period.
Mean time between failure (MTBF): In the given duration under stated conditions, the mean
number of life units of the tested components within specified limits. It is a reliability measure
indicator for repairable components.

Mean time to failure (MTTF): In the given duration under stated conditions, the total number
of life units of a component group is divided by the total failures within that group. This term
is for non-repairable components reliability measurement.

Mean time to repair (MTTR): In the given duration under stated conditions, the total
maintenance times are divided by the total number of failures within the repairable level of a
component.

Redundancy: More than one component is used to obtain a specified level of reliability for a
given function of objects.

Active redundancy: All redundant components perform the given function simultaneously.
Standby redundancy: Part of redundant components are activated only when the primary

component failure happens.

2.2 UAV reliability evaluation

This section explores the various studies that have been conducted in the literature and their
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associated data analysis method. Subsequently, the methods employed in these studies to
estimate the propulsion system’s reliability are also highlighted.

To perform UAV reliability analysis, qualitative methods, such as FMEA and FTA are
widely used [20], [21], [22], [23]. In [20], the FTA was used to analyse the top event of the
UAV critical component. The communication reliability of the UAV fleet was analysed by the
method of FTA as described by Kladis et al. [21]. The failure causes between the UAV fleet
and ground station were discussed to ensure safe missions. Also, Shlapatskyi [22], stressed the
necessity of the FTA, in terms of UAV design and testing stages. And in Franco and Gdes [23],
both methods were employed to design failure analysis procedures and improve UAV
reliability.

Various failure modes can worsen the reliability of the UAV propulsion system. Altinors,
Yol and Yaman [24] talked about how the fault modes can be generally categorized into bearing,
stator, rotor-shaft, and propeller faults. Bearing faults can be caused when there is an improper
cooling effect, which leads to dust building up in the bearings. Secondly, stator faults refer to
the breakdown of the stator winding insulation in the motors which are generally caused when
there is an increase in temperature. This happens during an overload when the high temperature
deteriorates the windings.

Rotor-shaft failures can be in the form of an imbalanced rotor or bent shaft whereas
propeller faults can be due to deformation or chips in the propellers. Rotor-shaft and propeller
faults usually occur when the UAV has endured physical damage due to an impact. Since there
is no possibility of the propulsion system in the testbed enduring physical damage due to
impact, stator and bearing faults will be considered.

There are various estimation methods studied in the literature and among them, some have
demonstrated practical applications to the data that can be collected from UAV flight

operations. This section also discusses how the methods employed in these studies can
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potentially be applied in determining the reliability of the propulsion system following data
collection from the experimental testbed. A summary of the methods discussed in this section
is presented in Table 2.1.

Table 2.1: Summary of reliability prediction methods considered.

Reference Type Data and method considered
[25] Theoretical e Failure rate data from IEC 62380
e Markov chain model for fault-tolerant and redundant system
scenarios

e MTBF and MTBR for reliability estimation

[26] Signal o Data from the current signal
_ o Filters used on signal to determine bearing vibration signal.
Processing e Order analysis-based fault diagnosis
[24] Empirical e Data collected from bench tests of various BLDC motors.

e Characterize BLDC motors' mathematical model
parameters, torque-speed efficiency, and thermal properties.

o Characterize the time and frequency domain of closed-loop
performance

[26] Data-driven e Sound data collected from propulsion system operations.

o Feature extractions using statistical equations.
Machine learning algorithms, SVM, and KNN to determine
fault occurrence

[27] Data-driven e Temperature measurement and associated data collected.
e Various machine learning techniques used to estimate stator
temperature
[28] | Data-driven e Input current and coupled generator’s output data.

e LSTMis used to estimate remaining useful life (RUL)

In Thurlbeck and Cao [25], an electric propulsion system was studied using mission-based
flight profiles under various fault-tolerant control and redundant system scenarios. Failure rates
of the components are determined using IEC 62380 where the rates during healthy operations
and postfault operations are considered for semiconductor devices in the propulsion subsystem.
Secondly, Markov chain models were presented for the various operating states for the various

system scenarios. Subsequently, reliability metrics using MTBF and MTBR were considered
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to determine the reliability.

A signal processing methodology was proposed by Lu and Wang [26] to estimate the
rotating phase under variable-speed conditions for bearing fault monitoring. A series of filters
were applied to the current signal to achieve the bearing vibration signal. Subsequently, an
order analysis is used to monitor the occurrence of a bearing fault.

As propulsion systems with brushless DC (BLDC) motors are becoming increasingly
common in UAV applications, it is essential to obtain accurate and detailed specifications for
them. These specifications can often be unreported and be important to determine the reliability
of the propulsion system. As such, the study by Lee, Pan and Rouse [29] presented an empirical
characterization of these propulsion systems by considering the motor’s mathematical model,
efficiency, as well as thermal properties during operation. By deriving the key parameters, the
researchers were able to determine the trend when the propulsion system degraded.

In one data-driven study, features were extracted from flight sound data using several
statistical metrics. These metrics are mean, standard deviation, variance, covariance, kurtosis,
and skewness and they analyse the characteristics of the data. Subsequently, unsupervised
machine learning algorithms, such as support vector machines (SVM) and K-nearest neighbour
(KNN), were employed on these extracted features [24]. In another data-driven method,
temperature measurements were collected for various load conditions, cooling conditions, and
speed profiles. Machine learning techniques were used to train and test the developed models
and the performance of the techniques was analysed [27]. Next, data from input current signals
and coupled generator output were analysed to conduct a data-driven remaining useful life
(RUL) for the propulsion systems [28].

To facilitate the data collection about reliability, a run to failure or degradation-based test
seems to be optimal. This has previously been performed for BLDC motors in a few different

forms using voltages and neural networks or developing diagnostic methods [30], [31].
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However, there is a lack of testing data that uses real-world testing data to try to form a long-
term reliability estimate.

With regards to the propulsion system, a lot of different accelerated testing procedures are
possible [32], [33], [34], [35], [36]. These involve wearing out their primary known failure
mode. With regards specifically to Brushless DC motors (BLDC), there has been some testing
whereby the stator has been tested for reliability, or just a single wire has been tested to show
that degradation occurs or demagnetization of the stator causes the motor to stop working[37],
[38], [39]. Another testing method proposed by Abed et al [40], that has been conducted has
been with regards to the rotor of the motor using Finite element analysis or a bearing fault.
However, a lot of these tests have been for generic BLDC motors and not for UAV-specific
motors. Hence there is a gap in the literature that can be explored.

In the same vein, a lot of the ESC (electric speed controller) related research in the UAV
field tries to replace common ESCs with intelligent ESCs to develop neural models to still help
the system run with faults. However, not much research has been conducted about the reliability
of different types of speed controllers [41], [42].

Although a number of techniques, such as fault tree analysis and FMEA, are used to assess
UAV reliability, there is a clear lack of application of these techniques to actual UAV
operational data. The complexity of UAV operations in a variety of environmental conditions
is not adequately captured by the evaluations that currently exist because they are frequently
based on theoretical models or sparse experimental data. The breadth and difficulties of UAV
reliability studies were covered in Sections 1.4 and 1.5, which emphasized the necessity of
empirical research that makes use of copious operational data in order to validate and improve
reliability assessment techniques. This is necessary to create reliable models that can be applied
to the urban airspace operations certification procedure. In order to close this gap, Chapter 5

describes the planning and execution of run-to-failure experiments and provides the required
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empirical data to enhance reliability models.

2.3 Statistical modelling approach of UAV reliability

To addresses the analytical strategies employed to evaluate the reliability of Unmanned
Aerial Vehicles (UAVs) through the lens of time-to-failure data obtained from testbed
experiments. This evaluation primarily focuses on extracting reliability parameters for various
UAV components, utilizing sophisticated methods such as Weibull and Bayesian modelling.
Weibull modelling stands out for its flexibility in characterizing the life distribution of
components, making it particularly suited for analysing the wide range of failure patterns
observed in UAV systems [43]. Its parameters offer insights into the failure rate and life
expectancy of components, facilitating the identification of potential weaknesses and the
prediction of their future performance. This method's strength lies in its ability to accommodate
the varied nature of UAV component failures, from early failures to wear-out mechanisms,
providing a comprehensive view of component reliability [44]. On the other hand, Gao et al
[45] uses Bayesian modelling to introduce a probabilistic framework that incorporates prior
knowledge and observed data to update the reliability estimates of UAV components. This
approach is invaluable in scenarios where data are limited or incomplete, as it allows for the
integration of expert judgment and historical data. Bayesian methods are particularly adept at
handling uncertainty, offering a robust mechanism for predicting the reliability of UAV
components under different operational conditions [46].

These methodologies not only enable the precise estimation of reliability parameters but
also enhance the understanding of component behaviours under stress, contributing

significantly to the development of more reliable and safer UAV systems.

2.3.1 Reliability event data analysis

Reliability event data analysis is a methodology used in reliability engineering to analyse
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data on the occurrence of events or failures in a system. This methodology involves collecting
data on the occurrence of events over time, identifying patterns in the data, and using statistical
techniques to analyse the data and draw conclusions about the reliability of the system as shown
by Powers and Xie [47].

The main goal of reliability event data analysis is to identify the causes of failures in a
system and to develop strategies to prevent or mitigate those failures. This is typically done by
analysing data on the frequency and severity of failures, as well as data on the conditions under
which failures occur, such as temperature, humidity, and usage patterns [48].

Reliability event data analysis can be applied to a wide range of systems, including
mechanical systems [49], [50], electrical systems [51], [52], software systems [53], and
complex systems such as aircraft [54]. It can also be used to analyse data from different sources,
such as field data, laboratory testing, or simulation models.

Some of the statistical techniques used in reliability event data analysis include:

e Failure mode and effects analysis (FMEA), which is used to identify and prioritize
potential failure modes and their causes.
e Fault tree analysis (FTA), which is used to analyse the causes of a specific failure
event and to identify the combination of events that led to the failure.
e Reliability block diagrams (RBDs) are used to model the reliability of a system by
analysing the reliability of its components and their interactions.
Overall, reliability event data analysis is an essential tool for improving the reliability and
safety of complex systems by identifying and mitigating potential failure modes. Within all of
the reliability modelling domain, any one of these methods may be split into either parametric

or non-parametric approach.

2.3.2 Weibull modelling theory for parametric systems

A parametric system is a system that can be described by a set of parameters that explain
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its failure behaviour in the context of reliability engineering. The failure times or failure rates
of system components are often used to obtain these characteristics through statistical or
graphical analysis [55]. While many different types of models exist, such as the Normal
distribution, the Log-normal distribution, the exponential distribution, and the Gamma
distribution. This thesis will focus more on the Weibull distribution.

The Weibull distribution, which is frequently used to represent the failure behaviour of
systems that encounter wear-out failures over time, is one typical example of a parametric
system in dependability. The shape parameter (), which represents the slope of the failure rate
curve, and the scale parameter (6), which specifies the time at which the failure rate starts to
climb, are the two parameters that define the Weibull distribution. With regards to the Weibull

distribution the following equations help define the model as a whole [55].
F(t) = Prob(T <t), F(0)=0and F(») =1 (2.1)

F(t) is the CDF (cumulative distribution function) of ¢, also called unreliability, indicating the

probability that the system will fail before the specified time t.
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where R(t) is the reliability function (Survival Function): The probability that the item does
not fail in the time interval (the probability that the item survives the time interval and is still

functioning at time t).

h(t) = % (2.6)
h(t) = gty‘l (2.7)

where h(t) is the failure rate function. The probability that an item will fail in a time interval

when how to know that the item is still functioning at any given time t.

2.3.3 Reliability analysis based on Weibull distribution.

In a previous report by Zhang et al. [56], the method of Weibull distribution is introduced
to evaluate the UAV component reliability. The Weibull distribution is a continuous probability
distribution that is widely used in reliability analysis to model the time-to-failure of systems or
components. The probability density function (PDF) of the Weibull distribution is determined
by two parameters, namely shape, and scale. In this section, a detailed analysis is done to reveal

how the reliability changes with the parameters' shape and scale.

2.3.4 Weibull model shape parameter properties investigation

The parameter shape S, also called failure rate, determines the shape of the PDF. When £
< 1, the PDF is decreasing and convex, which is characteristic of systems with increasing
failure rates over time (reliability deteriorating over time). When 8 = 1, the PDF reduces to the
exponential distribution, which is commonly used to model the failure rates of systems with
constant hazard rates. When f > 1, the PDF is increasing and concave, which is characteristic
of systems with decreasing failure rates over time (reliability improving over time). The

changes in the shape parameter are shown in Figure 2.1.

22



Failure rate

Decreasing

Increasing
failure rate failure rate
B < B>

Constant
failure rate
p =1

1 Timg

Figure 2.1: Bathtub curve of shape parameter 3 [57].

To analyses how the shape parameter affects the PDF and reliability of the Weibull

distribution, three cases in terms of § < 1 with a constant scale are tested, as shown in Figure

2.2.
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Figure 2.2: Weibull test with scale = 15 and shape < 1.

In the case that shape < 1 with scale = 15, four different shape values, including 0.2, 0.4,
0.6, and 0.8, are set to analyse the PDF and reliability of the Weibull model. As shown in Figure
2.2, when the shape values change from 0.2 to 0.8, the PDF of the failure reaches the maximum
peak at shape = 0.2. With the step increase of the shape, the reliability shows a growth trend.
This means the reliability is greater at shape = 0.8 than other shape values at the same test time.
And the minimum reliability is at shape = 0.2. Such kind properties could be used for the

analysis guide in the statistical result explain in the UAV component reliability modelling.

2.3.5 Degradation analysis

Degradation analysis is a measurement and extrapolation of degradation or performance data
directly related to the presumed failure. It can either use model-based approaches (such as
physics-based models or statistical models), knowledge-based approaches (such as expert

systems and fuzzy logic systems), and data-driven approaches (such as neural networks (NNs)
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and hidden Markov model (HMM) [58], [59]. The general degradation analysis process can be

seen in Figure 2.3.
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Figure 2.3: Degradation analysis flowchart.

2.3.6 Accelerated testing.

Accelerated testing is a method used to assess the performance and stability of materials or
products over time. It involves subjecting the materials or products to harsher or more severe
conditions than they would normally experience to accelerate their degradation and failure.
This allows manufacturers to identify potential failure modes and design improvements and
can also be used to estimate the expected lifetime of a product. Accelerated degradation testing

is commonly used in various industries, including electronics, aerospace, and automotive [48],

[60].
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2.3.7 Use of Degradation Analysis for Censored Data
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Figure 2.4: Example of Remaining Useful Life (RUL) prediction of Motors by Yang et al. [61]

Figure 2.4 displays graphs from a study that predicts the remaining usable life (RUL) of
motors by monitoring a health index. The health index is a measurable indicator that represents
the state of the motor over a period of time, calculated based on data collected from several
sensors. Degradation study is conducted by monitoring the health index over multiple cycles.
The actual remaining useful life (RUL), represented by the dotted line, is compared to forecasts
produced by various models, including direct RUL prediction, linear, and nonlinear health-
index-based RUL predictions. These models graphically represent the predicted RULs in
relation to the actual operational cycles of the motors. The closeness of a model's prediction
line to the actual RUL line reflects its precision in estimating the motor's deterioration and
remaining operational lifespan. [61]

Degradation analysis is a technique employed in the fields of reliability engineering and
quality control to evaluate the decline in performance of a system or component over time when
subjected to regular operating circumstances [62]. Differing from conventional failure-time
analysis, degradation analysis specifically investigates the gradual deterioration of a
quantifiable performance attribute, commonly known as a degradation signal or health index
[63]. This method is especially beneficial in situations when failures are few or where data is

completely censored, indicating that failure occurrences are not observed throughout the
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research period.

2.3.7.1 Types of Degradation Analysis

There are primarily three categories of degradation analysis. The first type of analysis is
deterministic degradation analysis, in which the model assumes a consistent rate of
deterioration across time for all units being studied. The models employed are simplistic and
do not account for randomness in the degrading process.

Furthermore, stochastic degradation analysis has the potential to identify the inherent
variability in the degradation paths across distinct units. This technique utilises probabilistic
models, such as the Wiener process, gamma process, and inverse Gaussian process models, to
accurately represent the uncertainty in deterioration.

Accelerated degradation analysis is performed when degradation data is obtained under
situations of increased stress in order to forecast the lifespan of components during regular
operating environments. This analysis facilitates the expedited estimation of the time to failure,

as opposed to waiting for failures to occur under normal circumstances.

2.3.7.2 Why Degradation Analysis is useful for Fully Censored Data

Traditional reliability analysis approaches relying on failure times struggle with fully
censored data when no units failed during the observation period. In many cases, degradation
analysis can detect diminishing performance patterns before failure thresholds, enabling
proactive maintenance and interventions. Degradation analysis analyses degradation signals up
to the censoring point to make use of censored data since it focuses on performance
deterioration rather than failure. Instead of waiting for failures, degradation analysis models
the degradation process to monitor component health immediately and continuously. This helps
in safety-critical situations where failure avoidance is crucial.

Thus, degradation analysis provides a comprehensive structure for analysing and
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forecasting component and system reliability, even when failure-time data is unavailable.
Measured performance degradation informs maintenance methods and design optimisations,
improving system reliability and performance.

Reliability engineering and quality control employ degradation analysis to evaluate a
system or component's performance over time under typical operating circumstances [62].
Degradation analysis tracks the deterioration of a quantifiable performance characteristic, such
as a degradation signal or health index, rather than failure-time analysis [63]. This method is
beneficial when failures are uncommon or data is entirely censored, producing no failure

observations during the investigation.

2.3.7.3 Degradation Analysis as a Preliminary Exploration Tool

Degradation analysis is a useful method in reliability engineering, particularly when there
is a lack of direct failure data. Once failure data becomes accessible, the knowledge acquired
from degradation analysis may be utilised to enhance the accuracy of reliability predictions.
This section will demonstrate how to improve the predicted accuracy of models by employing
degradation analysis results after failure data is obtained.

The initial study identifies the baseline performance and important signs of decline, which
are crucial inputs for predictive models. These inputs aid in the calibration of the models to
detect early indications of probable breakdowns. Similarly, the quantified deterioration paths
derived from historical data offer a comprehensive dataset for training prediction models. These
paths enable the models to acquire knowledge about the usual pattern of wear and tear that
components undergo in different circumstances, thereby enabling them to forecast future rates
of degradation. The degradation analysis establishes thresholds that are utilised in prediction
models to indicate imminent breakdowns. When the model anticipates that a component's

performance will beyond a certain level, it may set off a warning for proactive maintenance.
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Thus, degradation analysis serves as a way for understanding the degradation of components
even when failure data is not available, and it also establishes the foundation to build complex
prediction models. These approaches revolutionise the method companies take towards
maintenance, lifecycle management, and design, transitioning from reactive to proactive
techniques.

While statistical models like the Weibull distribution and Bayesian analysis are commonly
employed in reliability engineering, there is still a lack of development in their application to
unmanned aerial vehicle (UAV) propulsion systems. A significant research gap is highlighted
by the lack of reliable statistical models and comprehensive failure data that can reliably
forecast UAV component failures. The research roadmap highlights the requirement for
quantitative analysis to support UAV certification, as stated in Section 1.3. Achieving this goal
will require building thorough statistical models that consider the specific failure modes of

UAV propulsion systems and incorporate real-time operational data.

2.4 System level reliability analysis

The discourse on "System-Level Reliability Analysis" extends beyond the examination of
individual components to conceptualize the reliability of UAVs as integrated systems. This
holistic approach, underpinned by statistical methodologies like Weibull and Bayesian analysis,
provides a framework for assessing how different components interact to influence the overall
reliability of the UAV system. Unlike component-level analysis, which isolates parts to
determine their failure rates and lifespans, system-level reliability analysis synthesizes these
individual metrics to model the UAV's collective performance and durability.

Key techniques in system-level analysis include Fault Tree Analysis (FTA) and Reliability
Block Diagrams (RBDs), which map out the potential failure paths within a system and the
interdependencies of components [64], respectively. These methods are instrumental in

identifying critical failure modes that could compromise the UAV's operational integrity.
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Weibull analysis, with its flexibility in modelling various life distributions, is adept at
accommodating the diverse failure behaviours of components within the system context.
Concurrently, Bayesian approaches offer the advantage of integrating prior knowledge and
real-time data to refine system reliability estimates, especially under conditions of uncertainty
or limited data [65].

By adopting these statistical approaches, researchers can construct a comprehensive model
of UAV system reliability, accounting for the complex interactions between components and
their collective impact on system performance. This integrated perspective is crucial for
designing more resilient UAV systems, ensuring that they meet the rigorous demands of their
intended applications.

Although statistical models such as Weibull distribution and Bayesian analysis are widely
used in reliability engineering, their application to UAV propulsion systems remains
underdeveloped. The lack of detailed failure data and the absence of robust statistical models
that can accurately predict UAV component failures highlight a critical research gap. As
outlined in Section 1.3, the research roadmap emphasizes the need for quantitative analysis to
support UAV certification. Developing comprehensive statistical models that incorporate real-
time operational data and account for the unique failure modes of UAV propulsion systems is
crucial for achieving this goal. Chapter 6 addresses this gap by employing advanced statistical

and machine learning techniques to model and predict UAV performance degradation.

2.5 Markov-chain based evaluation of multirotor drone reliability.

Zhao et al. [66] introduced s Markov-chain based controllability evaluation which
represents a significant advancement in the assessment of multirotor drone safety and
reliability. This methodology, grounded in the principles of stochastic processes, offers a novel
approach to understanding how multirotor drones respond to component failures, specifically

focusing on the rotors, which are critical to flight stability and control. By simulating failure
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data based on assumed failure rates of the rotors, this technique provides a comprehensive
framework for predicting the drone's behaviour under various failure scenarios [67].

The application of Markov chains in this context allows for the modelling of state
transitions, from fully operational to partial or complete failure states, thereby offering insights
into the controllability and safety of the drone under different operational conditions. This
simulation-based approach not only enhances our understanding of the inherent risks associated
with rotor failures but also contributes to the development of more resilient drone designs.
Furthermore, it aids in the formulation of effective contingency strategies, ensuring that drones
maintain a degree of controllability even in the event of component malfunctions. Overall, the
Markov-chain based controllability evaluation marks a pivotal step towards improving the
reliability and safety protocols of multirotor drones [46], paving the way for their safer
deployment in increasingly complex and demanding environments. The derivation of specific
theoretical methods will be introduced in the Chapter 4.

Although Markov-chain models present a promising method for assessing UAV reliability,
the lack of empirical failure data for multi-rotor configurations limits their practical use.
Predictions of reliability may be inaccurate because the majority of current models are
predicated on theoretical premises that might not hold true in practical situations. The
significance of creating quantitative approaches for UAV certification was emphasized in
Section 1.3, and Figure 1.1 showed the stages of operation that depend on precise reliability
evaluations. To close this gap, a great deal of experimental research is needed to collect failure
data and improve Markov-chain models so that they can be used in real-world UAV operations.
This data is provided by the experimental designs in Chapter 5, and the Markov-chain

reliability models are integrated with the results in Chapter 4.

2.6 Deep learning-based degradation modelling and prediction

In the evolving landscape of Unmanned Aerial Vehicle reliability analysis, the
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incorporation of machine learning and deep learning methodologies marks a significant
paradigm shift. This subsection delves into the use of these advanced computational approaches
for modelling and predicting the degradation of UAV functionality and performance.
Leveraging large datasets derived from flight test logs and multiple sensor readings, these
methods unlock new potentials in understanding the complex dynamics of UAV operations and
their long-term sustainability.

Machine learning and deep learning algorithms excel in extracting patterns and insights
from vast, multidimensional data, making them particularly suited for the nuanced task of
degradation modelling. Among the spectrum of algorithms, Convolutional Neural Networks
(CNNs) stand out for their ability to process spatial data, which can be instrumental in analysing
images or spatial patterns from sensor data [68]. Similarly, Random Forest and Gradient
Boosting Machines offer robust predictive capabilities and are adept at handling tabular data
from sensors, providing a comprehensive view of UAV health [69].

The Long Short-Term Memory (LSTM) network, a specific type of Recurrent Neural
Network (RNN), emerges as particularly promising for UAV degradation modelling [70]. Its
architecture is uniquely designed to process sequential data, capturing temporal dependencies
that are crucial for understanding how UAV performance evolves over time [71]. LSTMs are
capable of learning from the historical performance data of UAVs, enabling the prediction of
future degradation based on patterns of change in sensor readings.

The potential of LSTM and other deep learning algorithms to revolutionize UAV health
monitoring and predictive maintenance is immense. By accurately forecasting degradation
trajectories, these technologies can facilitate proactive maintenance strategies, enhance UAV
reliability, and ensure operational safety, making them invaluable tools in the continuous effort

to advance UAV technology [72].

32



2.6.1 The application LSTM for UAV health monitoring

The application of LSTM networks in UAV health monitoring represents a cutting-edge
approach to predicting and mitigating potential failures before they compromise UAV
operations. This detailed review explores the current landscape of LSTM applications within
UAV health monitoring, addressing key challenges, methodologies, and the potential for future
research directions.

A significant challenge in applying LSTM models for UAV health prediction is the reliance
on labelled data, specifically health indicators that classify the operational state of the UAV
[73]. Most existing studies necessitate a substantial dataset of labelled failures to effectively
train the model [74]. Acquiring such data implies either the high-cost procurement of numerous
failed drones for analysis or the simulation of failures under controlled conditions, both of
which are resource-intensive. This requirement for extensive labelled data poses a significant
barrier to the scalability and practicality of LSTM applications in UAV health monitoring [73].

Moreover, there is a noticeable gap in the literature concerning the use of long-term real
flight test sensor data for model training. Most studies rely on short-term data or simulated
datasets, which may not fully capture the complexity and variability of real-world UAV
operations [75], [76]. Long-term data are crucial for understanding the gradual degradation
patterns and the influence of environmental factors on UAV performance, offering a more

robust foundation for LSTM model training and validation [77].

2.6.2 LSTM's core components and functions

An LSTM unit comprises several key components: the cell state (C;), the hidden state (h;),
and three gates—forget gate (f;), input gate (i;), and output gate (0;). These elements work in
harmony to regulate the information flow through the network, allowing it to learn from and
remember important information while forgetting the irrelevant.

Forget Gate (f;): Determines parts of the cell state to discard from previous steps.
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ft = G(Wf [he—1, %] + bf) (2.8)
Input Gate (i;): Decides which new information is stored in the cell state.

ip = o(W; - [he—q, %] + b;) (2.9)
C~t = tanh (W¢ - [h¢—1, x¢] + bc)

Update to Cell State (C;): Combines the old state and new input to update the current state.
Ce=fe*Cog +ig*Cy (2.10)
Output Gate (0.): Determines the next hidden state reflecting the cell's output for this step.

0y = (W, + [he—q, x¢] + by) (2.11)
h: = o, * tanh (C;)

Consider the application of LSTM networks in analysing UAV sensor data, such as
temperature, vibration, and acceleration, to predict potential system failures. The LSTM model
can process this sequential data, learning to recognize patterns indicative of normal operation
and those suggesting an impending failure. For example, a sudden increase in vibration or

temperature could be learned as a precursor to mechanical issues.
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Figure 2.5: Illustrations for basic LSTMs and three-layers deep LSTMs model [78].

As shown in Figure 2.5, the paper investigates the application of a three-layered LSTM

networks for machine health monitoring, presenting a pioneering empirical study. It leverages

LSTM networks to predict tool wear from raw sensory data without requiring extensive feature
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engineering or domain-specific knowledge. The study demonstrates LSTMs' superior ability to
capture long-term dependencies and learn meaningful representations from sequential data,
outperforming traditional models in tool wear prediction. This work underscores the potential
of LSTMs in enhancing predictive maintenance strategies and advancing the field of machine
health monitoring.

While LSTMs offer a powerful tool for degradation prediction, their effectiveness is
contingent on the availability and quality of training data. The high cost of obtaining labelled
datasets for UAV failures and the scarcity of long-term operational data pose significant
challenges. Moreover, the complexity of UAV systems and the variability of operational

environments can introduce additional complexities in model training and generalization.

2.6.3 Addressing Challenges with LSTM for UAV Health Monitoring

To overcome these hurdles, researchers are exploring innovative approaches, such as:

Data Augmentation: Generating synthetic data based on real-world patterns to enhance the
diversity and volume of training datasets.

Transfer Learning: Applying knowledge gained from one domain to a related one,
potentially leveraging models trained on similar sensor data from different contexts.

Semi-supervised Learning: Utilizing a mix of labelled and unlabelled data to improve
model performance, especially when labelled data are scarce.

In the quest for reliable UAV health monitoring, LSTM networks represent a promising
avenue for advancing degradation estimation. By harnessing their ability to analyse sequential
sensor data, LSTMs can provide actionable insights into UAV health, supporting preventative
maintenance and enhancing operational safety. However, addressing the challenges related to
data availability and model adaptability remains crucial for realizing the full potential of LSTM
networks in this domain.

Section 1.6 outlined the necessity of advanced modelling techniques. This research gap
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highlights the need for extensive field studies that apply deep learning models to real-world
UAV data, ensuring their robustness and reliability in predicting component degradation, which
is essential for UAV certification in urban airspace. Chapter 6 addresses this by developing and

validating LSTM-based models for predicting UAV performance degradation.

2.7 Artificial Neural Networks (ANN)

An Artificial Neural Network (ANN) is a computer model that draws inspiration from the
neural networks found in the human brain. Comprising interconnected units or nodes, much
like neurons, this system can analyse input and acquire knowledge of intricate patterns through
training. In the field of reliability engineering, ANNSs are employed to predict failures, evaluate
system reliability, and enhance maintenance techniques by modelling the nonlinear

relationships observed in operational data.

2.7.1 Components of ANN
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Figure 2.6: ANN Architecture [79]

This section explores the complexities of a typical Artificial Neural Network (ANN) and

how its components work together to create an effective model. Figure 2.6 illustrates the
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structure of a neural network, displaying a network of interconnected nodes divided into input,
hidden, and output layers. The input layer acts as a gateway for data into the ANN. Each unit
or neuron in this layer represents a distinct feature found in the dataset.. [80] In the field of
reliability engineering, these characteristics could correspond to different sensor measurements
that indicate the health of a system. The main purpose of this layer is to distribute the raw input

to the neurons in the next layer without performing any computations.

The hidden layers are where the fundamental learning capabilities of ANNs lie. Situated
between the input and output layers, these intermediate layers perform complex calculations
on the received inputs. [80] Each neuron in these layers calculates a weighted sum of its inputs,
incorporates a bias (an adjustable intercept), and then applies an activation function to the
obtained outputs. The architecture can consist of multiple hidden layers, each potentially
capturing different levels of abstraction from the input data.

Each neuron in these layers calculates a weighted sum of its inputs, incorporates a bias (an
adjustable intercept), and then applies an activation function to the obtained outputs. The
architecture can consist of multiple hidden layers, each potentially capturing different levels of
abstraction from the input data.

The output layers represent the culmination of the network's computations and provide the
final outcome.. [80] In regression applications, such as forecasting the time until failure in
reliability engineering, the output layer may consist of a single neuron that produces a
continuous value.

Activation functions play a crucial role in enabling the network to perform non-linear
operations. Without these functions, the ANN would function as a linear regression model,
lacking the ability to comprehend complex patterns. Typical activation functions include:

ReLU (Rectified Linear Unit): This popular activation function is commonly used in deep
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neural networks. It is preferred for its simplicity and effectiveness in addressing the vanishing
gradient problem. This problem occurs during training when the gradients used to update the
network become extremely small as they are backpropagated from the output layers to the
earlier layers.

Sigmoid function: This function produces an output ranging from 0 to 1, making it suitable
for binary categorization applications.

Tanh function (Hyperbolic Tangent): Similar to the Sigmoid function, it produces output
values between -1 and 1, providing a centred range that can be advantageous in certain
situations.

The loss function, also known as the cost function, measures the difference between the
model's predictions and the actual targets. It serves as a feedback mechanism, guiding the

network to modify its weights and biases to reduce prediction errors.

Optimizers guide the network towards achieving the lowest possible loss by adjusting the
weights and biases. This is done by considering the gradients of the loss function with respect
to these parameters. The process used is called backpropagation. Optimizers such as Stochastic
Gradient Descent, Adam (Adaptive Moment Estimation), and Root Mean Square Propagation
differ in their approach to adjusting the learning rate during training, which affects the rate of
convergence and the likelihood of reaching a global minimum.

Therefore, understanding the components of ANNs provides insight into their complex
nature and adaptability, which explains their success in various fields, including reliability
engineering. By adjusting these components, researchers and engineers can customize ANNs
for specific purposes, such as classifying the condition of a system or forecasting the time until
a part fails. This capability enables the development of predictive maintenance strategies and

the improvement of system reliability.
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2.7.2 Application of ANN in Reliability Engineering

In the field of reliability engineering, there are several factors such as stress, temperature,
and material wear that interact with each other in complex and nonlinear ways. These
interactions have a direct impact on the lifespan of components and their failure rates. Artificial
neural networks (ANNs), with their layered structure and nonlinear activation functions, are
highly effective in analysing historical data to uncover these patterns. By training on datasets
that cover a wide range of operational conditions and outcomes, ANNs can accurately predict
future failures or estimate the remaining useful life of components. A study conducted by
Cheraghi et al utilized a combination of Monte Carlo simulation, ANNSs, and the control variate
technique to improve the efficiency and accuracy of reliability analyses in various engineering
systems. [81]

For example, ANNs can be trained on sensor data obtained from machinery, enabling the
network to identify subtle indicators that precede failure. The nonlinear activation functions of
ANNS s allow them to model the complex relationships between different sensor readings and
the likelihood of failure, surpassing the capabilities of traditional linear models. [12, 16] This
predictive capability of ANNs is valuable in maintenance planning, as it enables more precise
scheduling and reduces downtime, ultimately extending the operational life of equipment. In
this report, a similar approach is being used, where sensor data from a UAV is utilized as
features to predict the likelihood of failure or the health index of the motor at a specific time

period.

2.7.3 Markov Chain Monte Carlo (MCMC) Sampling

The No-U-Turn Sampler (NUTS) is a highly efficient technique called Markov Chain
Monte Carlo (MCMC) that is used in Bayesian analysis to assess the reliability of UAVs. It
improves upon the Hamiltonian Monte Carlo (HMC) method by automatically adapting

simulation paths. This automation enhances the efficiency of sampling by minimizing the need
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for manual adjustments and facilitates faster convergence to the regions of high probability in
the posterior distribution. PyMC[84], a Python library, utilizes NUTS which uses the
Metropolis-Hastings algorithm to accept new parameters. This approach optimizes the
exploration of parameter space and reduces the tendency for random walks. NUTS is
particularly well-suited for analysing complex models commonly encountered in UAV
reliability studies.

The MCMC procedure is crucial for exploring the parameter space in UAV reliability
analysis. It involves selecting initial values for the model parameters (0). [85] The core of this
procedure involves proposing new parameter values (0') from a distribution that depends on its
current parameters, ensuring a coherent exploration of the parameter space. The MCMC
approach, particularly HMC, provides a sophisticated mechanism to achieve this goal. HMC,
unlike typical MCMC approaches, uses Hamiltonian dynamics to propose new states, resulting
in a more effective and systematic exploration of the parameter space instead of a random walk
behaviour. [86]

Hamiltonian dynamics, which is crucial for HMC, uses a deterministic procedure to
navigate the parameter space, resulting in a significant increase in sampling efficiency. The
deterministic nature of this approach, influenced by physics, promotes substantial and
consistent progression through the parameter landscape. This reduces the limitations of random
walks and improves convergence towards the target posterior distribution. The fundamental
principle of HMC relies on its acceptance criterion, which uses a method like the Metropolis-
Hastings criterion to determine whether to accept new parameter sets (0'). This criterion
compares posterior probabilities to guide the sample towards regions with higher probability.
The systematic method employed by HMC highlights its advantage in handling complex model
predictions that are essential to UAV reliability analysis. It offers an effective structure that

combines the exploratory capabilities of MCMC with the efficiency of Hamiltonian dynamics.
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[86] Within the MCMC framework, the Metropolis-Hastings algorithm determines the

acceptance probability of transition to a new state using the equation 2.12 below:

P(data|6")P(6")q(68]|60")
" P(datal6)P(0)q(6']6)

a(8',6) = min(1 (2.12)

In which, a(8’, 8) represents the likelihood of moving from the current state 8 to a new
proposed state ', while q(8'|0) is the proposal distribution that dictates the proposal of new

sample values.
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Figure 2.7: Example of MCMC sampling process [87]

Figure 2.7 depicts the MCMC sampling technique, which utilizes the Metropolis algorithm to
generate samples from the posterior distribution of a population mean. This method involves
using observed data and an initial estimate. In each iteration, a new sample is created by
introducing random noise to the previous sample. The acceptance or rejection of this new
sample is determined by the probability density of the posterior. The chain of samples explores

the range of the distribution around the true mean of the data (100), with a provided standard
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deviation of 15. The top row of trace plots shows the progression of sample values across
iterations, starting from various initial estimates. The bottom row of density plots estimates the
distribution of the sampled values, which corresponds to the actual underlying normal
distribution (indicated by a dashed line). This process allows for the estimation of population
parameters, such as the mean, by averaging the MCMC samples. [87]

The flexibility of MCMC is beneficial when integrated within a Bayesian framework, since
it enables the sampling from posterior distributions that are difficult to compute. The flexibility
of MCMC is advantageous when utilized within a Bayesian framework because it enables
sampling from posterior distributions that are challenging to compute. The integration of

MCMC and Bayesian inference is crucial for analysing reliability in UAVs.[88]

Although Artificial Neural Networks (ANNs) have shown significant promise in various
fields, their application in UAV reliability engineering is still emerging. The current research
lacks comprehensive studies that utilize ANNs to predict UAV component failures and enhance
maintenance strategies based on real-time sensor data. Sections 1.3 and 1.6 emphasized the
importance of advanced modelling techniques and the need for empirical data to support UAV
certification. This gap necessitates the development of ANN-based models that can analyse
complex, nonlinear relationships in operational data to predict failures and improve system
reliability. Chapter 5 addresses this gap by applying ANN techniques to analyse the data from

run-to-failure experiments and predict UAV maintenance needs.

2.8 Summary of the literature review

This chapter provides a comprehensive review of the existing literature, focusing on several
critical aspects of the reliability and health monitoring of Unmanned Aerial Vehicles (UAVs).
It begins by defining key terms and then delves into various studies conducted on UAV

reliability, it then moves onto the exploration of statistical modelling approaches, covering
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reliability event data analysis, Weibull modelling theory, and the application of Weibull
distribution for reliability analysis, including an investigation into shape parameter properties.
The chapter progresses to system-level reliability analysis. It then delves into Markov-chain
based evaluation for multirotor drone reliability. It concludes with a focus on deep learning-
based degradation modelling and prediction, emphasizing the application of LSTM networks
for UAV health monitoring, detailing LSTM's core components, functions, and strategies for
addressing challenges within UAV health monitoring frameworks.

The literature review highlights several important research gaps pertaining to UAV
reliability and airworthiness assessment. These gaps encompass the need for empirical data to
validate theoretical models, the development of integrated system-level analyses, and the
utilization of advanced statistical and deep learning techniques specifically tailored to UAV
operations. Sections 1.3 to 1.6, along with Figure 1.1, underscore the crucial role of these
analyses in the certification process for UAVs in urban airspace. Addressing these gaps is
critical for advancing the field of UAV reliability and facilitating the safe integration of UAVs
into urban environments. The subsequent chapters of this thesis aim to address these gaps by
employing detailed experimental designs (Chapter 5), advanced modelling techniques
(Chapters 4 and 6), and comprehensive reliability assessments (Chapter 3). Thus, this review

effectively covers the key elements as depicted in the research matrix of Figure 1.3.
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Chapter 3 UAYV propulsion system FMEA

As previously mentioned, the propulsion system is a critical component for the safe
operation of a UAV. It is, however, susceptible to various types of failures that can compromise
overall reliability and mission success. This chapter introduces the components of the UAV
propulsion system in detail, followed by a thorough discussion of the failure evaluation metrics
that serve as the foundation for reliability analysis.

Building on this foundation, a systematic Failure Mode and Effects Analysis (FMEA) is
performed to identify and assess potential failure modes of UAV propulsion components. The
analysis highlights critical failure mechanisms, their likelihood, and their impact on system
performance. Additionally, the FMEA methodology is extended to other UAV components
beyond the propulsion system, offering a comprehensive view of system-level reliability.

The structured steps of FMEA are presented in Figure 3.1., providing a clear roadmap for
the analysis conducted in this chapter. This detailed examination not only underscores the
vulnerabilities within the UAV system but also sets the stage for developing targeted mitigation

strategies in subsequent chapters.

Collect info. of all Determine Predict or
components and =———— potential failure =————— determine failure
operational modes modes effects

Evaluate
reliability (risk)

Figure 3.1: Flow chart to conduct FMEA for UAV components.
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3.1 UAV propulsion system

The propulsion system is the core of the UAV power. There are three categories of the
propulsion system:

Fuel propulsion: mainly consist of an engine, mechanical transmission, and propeller. This
type of UAV is a high payload and can operate long-endurance extensive ranges.

Fuel-electric hybrid propulsion consists of an engine and electric motor. Compared with
pure fuel propulsion, it can save fuel consumption.

Electric propulsion: consists of electric motors and control systems, mainly used in small
and medium-sized UAVs. It is low pollution, cheap, and has high energy utilization.

In this project, the research is for electric UAVs. In detail, the electric propulsion system of

UAUVs consists of six components, as shown in Figure 3.2.
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Figure 3.2: Components of electric UAV propulsion.
Component 1: motor battery, which provides power for UAV operations.
Component 2: electronic speed controller (ESC), send signals for motor rotation.
Component 3: motor, turn hub, spinner, and propeller to generate thrust.
Component 4: propeller hub: connect the motor driveshaft to the propeller blades.
Component 5: spinner, aerodynamic fairing for propeller hub.

Component 6: propeller blades, provide thrust.
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3.2 UAV failure evaluation metrics

3.2.1 Rating scale of failure likelihood
In general, failure likelihood has three ratings based on the failure frequency, which is low,
medium, and high. A detailed description of these three ratings is shown in Table 3.1.

Table 3.1: Rating scale of failure likelihood.

Rating Description
Medium Occasional failure
Low Unlikely failure

3.2.2 Criticality of failure modes
According to NASA, six categories of the criticality of failure modes are used in evaluating
aircraft failure modes, and the specific descriptions are listed in Table 3.2.

Table 3.2: Criticality and description of UAV failure modes.

Category Description

2 Critical Lead to the loss of one or more missions.

2R Critical Failed redundant components result in Category 2 effects.
3 Significant Lead to degradation of missions.

4 Minor Lead to insignificant or no loss to missions.

3.2.3 Failure risk matrix

Combing three ratings of failure likelihood and six categories of the criticality of failure modes, the risk
matrix of failure is shown in Table 3.3.

Table 3.3: Failure risk matrix.
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3.3 FMEA of propulsion system

Based on the three failure evaluation metrics, failure likelihood, criticality, and failure risk
describe in Section 3.2, the FMEA is performed in terms of the six UAV propulsion components

mentioned in Section 3.1.

3.3.1 Motor battery

For the propulsion system, the motor battery provides UAV energy for operation. Therefore,
it plays an important role in UAV safe flight. If the failure happens in the motor battery, the
caused risk is evaluated as high. Details are shown in Table 3.4.

Table 3.4: FMEA of motor battery.

i Internal Short 01rgu1t M Thrust loss.
= Overheating

Out of control

= Overcharging
= QOver
1b External discharging M Thrust loss.
= Qut of control
o Extreme
temperature

Note: PC represents the UAV propulsion component; FM is the failure mode. The same for all

the tables in this section.
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3.3.2 Electronic speed controller

The electronic speed controller (ESC) is the electric UAV component to send signals for
motor rotation. Its failure can cause circuit short or damage, damaged battery connection, which
lead to at least medium risk for UAV operation. The detailed analysis is shown in Table 3.5.

Table 3.5: FMEA of ESC.

Wrong voltage  Damaged/short *  Wrong motor

2a .. M speed 3 M
output cireutt = Qut of control
= Thrust loss.
Damaged
Power . =  Wrong motor
2b . . connection
Interruption speed

with batteries »  Out of control

Voltage output =  Intermittent
2¢ exceeds motor g?gll?tged/short M thrust loss
threshold = Qut of control
Total thrust loss
Out of control

UAV motor failures include bearing failure, short circuit, and winding degradation. Bearing

Disconnection ~ Damaged
2d from motor connection
battery with batteries

3.3.3 Motor

failure with a medium likelihood leads to high risk while winding degradation with a low

likelihood result in a low risk. The medium risk may be due to the UAV motor short circuit.

The details are shown in Table 3.6.

48



Table 3.6: FMEA of the motor component.

Motor spins
3a Bearing Insufficient M difficult
failure lubrication = Thrust loss.
= Out of control

= Propeller = Motor stuck.

.. vibration
3b Short circuit L = Thrust loss.
= QOver-
. = Qut of control
heating

= Propeller = Wrong spin

Winding vibration
3¢ degradation = Over- L speed
y i = QOut of control
heating

3.3.4 Propeller hub
Disconnection from the motor driveshaft is the main failure mode of the propeller hub,
which may cause mid-air collision and the bearing loose with a low likelihood and 1 criticality.

So, the failure risk is medium (see Table 3.7).

Table 3.7: FMEA of propeller hub.

Disconnection I:cl)ll(lilzﬁ)n = Propeller loss
4 from motor s Loose L = Thrust loss. M
driveshaft . = QOut of control
bearings

3.3.5 Spinner
The spinner may damage or crack due to mid-air collision at a low likelihood, and it leads
to low risk (see Table 3.8).

Table 3.8: FMEA of spinner.

=  Maximum
L power reduction 4
slightly

Damaged or Midair
cracking collision

(V)]
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3.3.6 Propeller blades
Propeller blades may have a structural failure, crack, or blade loss from the propeller hub
due to mid-air collision or vibration at a low likelihood leading to UAV thrust loss and out of

control with a medium risk, as shown in Table 3.9.

Table 3.9: FMEA of propeller blades.

Structural Maximum power

. Midair reduction
o 2211(1:112/1 collision LL = Total thrust loss Bl
& = QOut of control
Blade loss from . . = Thrust loss.
R propeller hub VAlereiion E = Out of control i

3.4 FMEA of other UAV components
In addition to propulsion components, FMEA is also performed for other components,

including airframe, power, and control and navigation.

3.4.1 Airframe
Airframe components mainly include a. cover; b. arm; c. landing gear. Structural failure
mode due to midair collision or take-off/landing crash at a low likelihood. The failure risk is

medium. The details are shown in Table 3.10.

Table 3.10: FMEA of airframe components.

Altered
la Structural Midair collision L aerodynamics. M
=  Vibration
= Altered
1b Structural Midair collision L aerodynamics. M
=  Vibration
Take- - Crush during
lc Structural off/landing L . ) M
= Fail to safely
crash land
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Note: OC represents other UAV components except for propulsion system components; FM is

the failure mode. The same for all the tables in this section.

3.4.2 Power

UAV power components mainly include: (a) motor battery, (b) servo battery, and may have
(c) camera battery for missions, like aerial photography or visual-based navigation. The failure
modes for these three types of purpose-based batteries, the failure modes can be internal or
external with a medium or low failure likelihood. As the battery provides power for UAV
operations, any motor battery and servo battery failure can lead to high risks, while the camera

battery with a low failure likelihood may bring about low risk.

Table 3.11: FMEA of airframe components.

Internal St el M Thrust loss
Overheating
Overcharging
2a Over discharging
Mechanical
External M Thrust loss.
damage
Extreme
temperatures
1
Short circuit Wovsei Lok 10
Internal Overheatin M SErvos
& Out of control
Overcharging
2b . .
Over discharging
. Power loss to
Mechanical
External damace M Servos
g Out of control
Extreme
temperatures
Mission loss
if cameras are
for aerial
. photography.
2¢ Internal Short c1r(fu1t L Mission loss 3 L
Overheating
and out of
control if the
UAV is visual

based



3.4.3 Control and navigation.

Generally, UAV control and navigation components include a. IMU (Inertial Measurement

Unit); b. GPS; c. flight computer. The FMEA of control and navigation components is shown

in Table 3.12.

For the IMU component, the main failure modes are circuit overload and de-calibration,

which may lead to attitude or data loss at low and medium failure likelihood. The risk of IMU

failure is rated as medium.

Circuit
overload

3a

De-calibration

Circuit
overload and
failure

Disconnection
from antenna
3b

Antenna fade

Disconnection
from battery

3c

Disconnection
from IMU

Power surge
Electrostatic
discharge

Load factory
default
parameters.
Physical
damage

Power surge
Electrostatic
discharge

Vibrations
Damaged
wiring

Signal noise

Vibrations
Damaged
wiring
Software
issue

Vibrations
Damaged
wiring
Software
issue

L

M

Table 3.12: FMEA of control and navigation components.

Attitude/data

loss Bl

Wrong
attitude, rate
data, and
flight data

Navigation
lost

Navigation
lost

Navigation
lost

Loss of data
and automatic
control

IMU data loss
Incorrect
commands

The component of GPS is extremely important for UAV navigation. GPS failure will cause



navigation loss and lead to high risk because of circuit overload and failure, disconnection from
the antenna, and antenna fade at a medium failure likelihood.

The flight computer like UAV’s brain control and navigate all the UAV operations, so its
failure will result in high risk. The common failure modes of flight computers include

disconnection from battery or IMU at a medium failure likelihood.

3.5 Conclusion

This chapter has methodically applied Failure Modes and Effects Analysis (FMEA) to the
motors, ESCs, and batteries—three essential parts of UAV propulsion systems. Through the
identification of possible failure modes and the evaluation of their impact and likelihood, the
analysis offers a strong foundation for comprehending the system's vulnerabilities. One of the
most important failure mechanisms in UAV propulsion systems is motor failure, which is
brought on by mechanical wear and overheating, and ESC failure, which is brought on by
electrical anomalies like voltage surges.

Both the design of experimental tests and the development of comprehensive reliability
models are informed by the FMEA described here. Through the run-to-failure experiments
carried out in Chapter 5, these theoretical predictions will be reviewed and verified. Testing
failures will be systematically examined to determine their underlying causes and contrasted
with the failure modes anticipated in this chapter, guaranteeing consistency and scientific rigor
in the application of theory to practice.

For the data-driven methods and reliability evaluations covered in later chapters, the FMEA
provided in this chapter provides an essential basis by bridging the gap between theoretical
analysis and empirical validation. The overall reliability framework is strengthened by this
iterative feedback loop, which aids in the creation of reliable procedures for operational safety

and UAV health monitoring.
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Chapter 4 Markov-chain based controllability
evaluation.

The Work presented in the Chapter was Published in ICUAS 2023 Conference under the
title “A Reliability Framework for Safe Octorotor UAV Flight Operations” [89].

The ability of a UAV to maintain stability and control under varying operational conditions
is paramount to its safe operation. This chapter introduces a novel framework for assessing
UAV reliability through Markov-chain-based controllability evaluations. By modelling the
transition probabilities between fully operational, degraded, and failure states, this
methodology provides a quantitative means of evaluating the UAV's behaviour under different
failure scenarios.

As illustrated in this chapter, the Markov-chain approach enables the assessment of multi-
rotor configurations, focusing on their reliability and robustness to rotor and component
failures. The results presented here emphasize how different configurations influence
controllability and safety, offering key insights into design trade-offs for redundancy and
reliability.

This framework not only enhances our understanding of UAV behaviour under stress but
also contributes to designing more resilient systems. The findings from this chapter serve as a
critical link between theoretical modelling and the experimental results discussed in Chapter 5,

further informing reliability evaluation and UAV certification strategies.

4.1 Introduction of controllability assessment

Assessing controllability is vital for evaluating UAV reliability, emphasizing the propulsion
subsystem's ability to maintain controlled flight, especially during a propulsion unit failure, as
outlined in ASTM F3298-19. This focus ensures UAVs can safely navigate and recover from
malfunctions, highlighting the importance of robust controllability measures in UAV design

and operation standards [90]. This requires that a UAV retain its ability to manoeuvre based on
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commands from the pilot or autonomous control systems in the event of single or multiple
propulsion unit failures.

To achieve this, multi-rotor UAVs can be equipped with hardware redundancies, such as
additional propulsion units, or analytical redundancies, such as fault diagnosis [91], [92], [93],
[94] or active fault-tolerant control [95], [96], [97], [98]. If a UAV experiences a propulsion
unit failure during a flight mission and must continue its flight, it should have its pitch, roll,
altitude, and yaw channels remain controllable. Alternatively, if it chooses to land, the UAV
should still have at least its pitch, roll, and altitude channels remaining controllable to
manoeuvre away from high-risk airspace to recover.

Several controllability assessment approaches have been proposed for multi-rotor UAVs
with different propulsion unit configurations [99], [100], [101], [102], including a reliability
block diagram by Salazar et al. [103] and Markov chain-based approach by Aslansefat et al.
[104]. To assess the reliability of the UAV’s propulsion system, it is useful to integrate such

controllability assessment approaches into a comprehensive framework.

4.2 Framework

Propulsion systems generate the thrust necessary for the UAV to change altitude and
achieve rotation by varying the rotational speed of the units. However, when a propulsion unit
fails, the remaining units may not provide enough thrust and torque for translational and
rotational motions, potentially rendering the UAV uncontrollable. Also, even with redundancy,
these remaining propulsion units do not guarantee controllability in all four crucial channels,
which are altitude, pitch, roll and yaw. For instance, Quan et al [99] found a hexarotor to be
uncontrollable in the yaw channel after a single propulsion unit failure. This can pose
significant challenges for the UAV operator, especially when flying overpopulated areas or
properties. Hence, evaluating the remaining thrust and torque available through controllability

analysis is important to determine the reliability of the UAV’s propulsion system.
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Given that UAVs operate over an extended period and each propulsion unit has a distinct
rate of failure, it is crucial also to understand the degradation of reliability over time. Hence,
following a controllability analysis, a Markov-chain modelling will be useful to model the
combinations of propulsion unit failures in which the multi-rotor UAV is controllable in the
four critical channels. Then, the reliability can be evaluated over a timespan.

A framework to assess the reliability based on controllability analysis and Markov chain
modelling is presented in Figure 4.1. First, the multi-rotor UAV configuration is selected, and
its parameters are collected. These parameters are necessary for the controllability analysis in
the following step, which is based on the controllability assessment introduced in [100], [101].
The UAV is initially subjected to various combinations of complete propulsion unit failure,
ranging from one to six. For each of these combinations, the controllability assessment is
performed, generating an available control authority index (ACAI), which helps determine
whether a particular combination of fault-free propulsion units is controllable.

If the UAV becomes uncontrollable with just one propulsion unit failure, the analysis is
rejected. This is because such a UAV is deemed unsafe to fly in a high-risk environment. On
the other hand, if it remains controllable with one propulsion unit failure, a Markov chain is
then generated with all the controllable combinations, as Markov states. Finally, the probability
of the UAV being in state is evaluated, and subsequently, the UAV’s reliability is determined

over a time span of 50 hours.
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Reliability evaluation of
multi-rotor UAV

Y

Collect UAV and its configuration
related parameters

v

Assess controllability of UAV for
various combination of propulsion
unit failures using ACAI

Is the UAV No .
: 5 Reject
controllable with one propulsion :
o analysis
unit failure

Continue analysis for one of more
propulsion unit failures using ACAI

v

Generate a Markov chain with
controllable and uncontrollable
combinations defined as
operational and failures states

v

Compute reliability of UAV over a
specified time frame

Figure 4.1: Framework of reliability evaluation for multi-rotor UAV.

4.3 Reliability estimation of octorotor UAV
In this section, an octorotor UAV is used an example, and its corresponding reliability is

evaluated using controllability analysis and Markov chain modelling.

4.3.1 Controllability analysis

The objective of this analysis is to evaluate the controllability of a multi-rotor UAV in the
event of a single propulsion unit failure. To determine the remaining thrust and torque, a
controllability metric is used as a metric to generate an attainable control set, as introduced in

Du et al.[101] and discussed in Liscouét et al. [105].
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The available control authority index (ACAI) is a metric that evaluates the positive
controllability of the UAV’s propulsion system. Unlike classical Kalman-based controllability
analysis, which involves a rank test, ACAI accounts for propulsion unit failure. The ACAI is
computed based on a linearized dynamic model of a hovering UAV, where the four essential
channels for control are altitude, roll, pitch, and yaw. The largest enclosed sphere in four
dimensions is defined as d() is obtained by computing the control constraint set ). The ACAI,
p, is computed as follows [101]:

min||g — x|, g € Q,x €0Q

p(g,0Q) = {— min||g — x|, g €0 x€aQ

(4.1)

In this equation, () represents the control set in which UAV is controllable with boundaries
defined by 09, while Q¢ is the complementary set of €, in which the UAV is no longer
controllable. p measures the distance from g to dQ. The higher the value of p, the greater the
available control. A system is considered controllable if and only if p > 0. This analysis
assumes that the UAV has a symmetrical structure, with its center of gravity fixed at the center
of the structure. A step-by-step guide to the ACAI calculation process is presented in [101].

Next, the number of combinations for failed propulsion units is calculated for Np propulsion
units. A combination is deemed controllable only if p > 0. Otherwise, it is considered

uncontrollable.

4.3.2 Markov chain modelling

Markov Modelling is a mathematical technique commonly used for evaluating the
reliability of complex systems over time. This method is particularly useful for modelling
systems with dependent failure and considers the operational and failure states of the systems,
as well as the transitions between these states.

The following assumptions are considered before generating a Markov model:

(1) At the beginning, the system is always operational;
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(2) There is no common cause of failure in the system;
(3) During the mission, the repair is not possible;
(4) The failure rates of a propulsion unit are constant and obey an exponential distribution;
(5) Any propulsion unit is either in an operational or failure state.
In this convention, each state has no self-transition [106], and the resulting continuous time

Markov state transition equations can be expressed as follows:

d_ . =20
—P(O)=M-P@®), whereM=[" ] (4.2)

In this equation, P(t) represents the vector of probabilities that the system is in a particular
state at a specific time. This concept can be extended octorotor UAVs using Markov chain
modelling. The resulting state transition diagram involves a fully operational state, several post-
fault states where the UAV is still controllable, and a failure state. Assuming that the failure
rate of each propulsion unit is the same, a simplified state transition diagram is presented in
Figure 4.3. As observed, the octorotor UAV remains controllable in all channels, even with a
complete failure of two rotors. However, beyond the failure of two rotors, there is a probability

that the UAV will become uncontrollable, reaching the failure state, F.

Figure 4.2: Simplified continuous-time Markov state transition diagram of a component.

A set of state transition equations can be generated to describe the transitions among the
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Markov states. Then, by solving the system of state transition equations, the probabilities of
each state can be determined over time. The sum of the probabilities across all states for a
timestep would be 1. Summing up all the probabilities over all controllable states, without
including the final failure state, would provide the reliability curve of the UAV over the
timespan.

It is also assumed that the UAV’s propulsion system has not undergone any repair or

maintenance during the timespan during which the reliability is being evaluated.

4.3.3 Octorotor configurations

For this study, three octorotor configurations are analysed. Figure 4.4 (a) and (b) illustrate
two octorotors in the ‘X’ configuration with rotor spin direction alternating every one rotor
(PNPNPNPN) and every two rotors (PPNNPPNN), respectively. Here, ‘P’ means positive, and
‘N’ means negative, corresponding to clockwise and counterclockwise spin direction.
[lustrations in Figure 4.4 (a) and (b) show ‘X’ configuration octorotors with rotor spin direction
alternating every one rotor and two rotors, respectively. As such they are referred to as Octo-1
and Octo-2. The illustration in Figure 4.4 (c) shows an octorotor with ‘H’ configuration with
rotor spin direction alternating every one rotor, and as such will be referred to as Octo-H. It

should be noted that r refers to the distance of the rotor from the center of gravity and r =

\2r, in Figure 4.4 (c).
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Figure 4.3: Illustration of different types of octorotor configurations.

For comparative analysis, a quadrotor and a hexarotor in ‘X’ configuration with rotor spin
direction alternating every two rotors (PPNNPN) is also included. Table 4.1 presents the multi-
rotor UAVs used in this reliability analysis. The hexarotor with the PNPNPN configuration is
included because its yaw channel becomes uncontrolled after one propulsion unit failure,

including the hexarotor with ‘H’ configuration [99], [101].

No. of propulsion | Config. Rotor spin Name
units arrangement
Eight X PNPNPNPN Octo-1
X PPNNPPNN Octo-2
H PNPNPNPN Octo-H
Six X PPNNPN Hexa-2
Four X PNPN Quad

Table 4.1: Configurations of multi-rotor UAVs considered for this study.

4.4 Results and Analysis

In this section, the reliability of three octorotor UAV configurations are compared with that
of hexarotor and quadrotor UAVs. The UAV parameters used in [101] is also used for ACAI
calculation in this thesis. The controllable states are determined following the computation of

ACAI and a Markov chain with transition links between the controllable states is established.
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Assuming a 0.05 failure rate of the propulsion unit, reliability curves are generated for the
quadrotor, Hexa-2 configuration, and the three configurations of octorotor UAVs.

Figure 4.5 presents the reliability curves for all five multi-rotor UAVs considered, where
the reliability value starts at 1 and degrades over time. The reliability curves of Quad and Hexa-
2 show that they are less reliable than the octorotor UAVs, described by their steeper descent.
Among the octorotors, the Octo-1 exhibits marginally greater reliability, and another
observation is that Octo-2 initially has lower reliability than Octo-H but surpasses it after a
certain time span.

Further investigation was conducted to determine the reliability of the hexarotor and three
octorotor UAVs relative to the quadrotor across the timespan, as presented in Figure 4.6. Here,
the difference in the reliability of the multi-rotor UAV and the quadrotor is plotted across the
time span of 50 hours. It can be observed that between 5 to 6 hours, the difference in the

reliability is at the greatest, after which, the differences start to subside.

1
Quad |
0.9 Hexa-2 | 7
Octo-1 |
0.8 | Octo-2 |
Octo-H |
0.7 il
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&
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Figure 4.4: Reliability curves of the multi-rotor UAVs over a time span of 50 hours with propulsion
unit failure rate 0.05 failures/hour.
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Figure 4.5: Difference in reliability levels multi-rotor UAVs relative to quadrotor, 50 hours.

Furthermore, two methods are used to evaluate the reliability of the multi-rotors. One is
mean time to failure (MTTF) curves, which are generated by computing the area under the
curve across the timespan for various failure rates. Another is studying the characteristics of
the inflection point in Figure 4.6.

Figure 4.7: presents the plot of the MTTF curves for various failure rates of the propulsion
unit that ranges from 0.01 to 0.1 failures per hour. As observed, the overall reliability of the
multi-rotors decreases gradually. Octo-2's curve initially starts below the other octorotors but
eventually goes above Octo-H, similar to the pattern observed in Figure 4.5.

Figure 4.6 shows the inflection point, which represents the point at which the advantages
of using a multi-rotor other than a quadrotor become less significant. After this point, the rate
of reliability degradation for the multi-rotor UAVs becomes higher than that of the quadrotor.
The time at which this inflection point occurs for each multi-rotor is recorded for various failure
rates and presented in Figure 4.8. Here, Hexa-2 reaches its inflection point earlier than the
octorotors. The octorotors' times of inflection are close, which suggests that there is little

benefit in scheduling maintenance or repair earlier for one octorotor over the others.
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Figure 4.6: MTTF curves for multi-rotor UAV for various failure rates of a propulsion unit.
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Figure 4.7: Time variations of inflection point for multi-rotor UAVs relative to quadrotor propulsion
unit failure rates ranging from 0.01 to 0.1 failures/hour.

Table 4.2 displays the percentage difference in reliability at the inflection point, which is
calculated as the average difference in reliability values over a range of failure rates from 0.01
to 0.1 failures per hour. Hexa-2 shows a 40% increase in reliability compared to the quadrotor
at this point. However, the octorotors exhibit more than twice the reliability value of the
quadrotor. Specifically, the percentage difference in reliability at this peak difference is 176%,

147%, and 151% for octorotors Octo-1, Octo-2, and Octo-H, respectively.
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Multi-rotor Difference (%)
Hexa-2 40.0
Octo-1 176.1
Octo-2 147.1
Octo-H 151.1

Table 4.2: Percentage difference in multi-rotor’s reliability relative to quadrotor at inflection point
4.5 Payload analysis

Multirotor UAV's may be required to carry payloads in particular missions. Evaluating their
dependability while carrying various payloads might give authorities with insights during flight
authorization. The dependability curves for the three octorotor UAV types are estimated in this
section, with payload amounts ranging from 0.5 to 1.5 kg. The maximum payload amount is
roughly similar to the mass of the UAVs. Figure 4.9 illustrates the reliability curves for the
three octorotor configurations for the three stated payloads, whereas the Quadrotor reliability
curve depicts one that does not have a payload.

Figure 4.9 (a) shows how the reliability of Octo-2 and Octo-H is much higher than that of
Octo-1 when considering a payload of 0.5 kg. It also shows the reliability of Octo-2 and Octo-
H are almost similar. The lower reliability curve of Octo-1 is probably due to the 44.3% drop
in controllable states when comparing the “no payload” and “0.5 kg payload” circumstances.
This is in contrast to the 24.7% and 18.2% drop experienced by Octo-2 and OctoH,
respectively. The similar reliability curves of Octo-2 and Octo-H can be attributed to their
almost equivalent number of controllable states.

When increasing the payload to 1.0 kg, Octo-H is shown to have greater reliability, whereas
Octo-1 and Octo-2 have similar reliability, as seen in Figure 4.9 (b), again attributed to having
the same number of controllable states. Finally, when increasing the payload value to 1.5 kg,
all the reliability curves are very similar. Zooming in, one can see that Octo-1 has a marginally
greater reliability than the other two, as presented in Figure 4.9 (c).

Furthermore, after 6 hours, the octorotor UAVs' reliability curves fall below the quadrotor's
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curve. This also implies that the propulsion system of octorotors that are always carrying a
payload, such as an extra subsystem or cargo, may require more frequent maintenance than
when no payload is present. The volume of cargo will also play an essential role in the

authorization or certification procedure from a regulatory standpoint.
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Figure 4.8 Reliability curves of the three octorotor configurations with payload values of (a) 0.5 kg,
(b) 1.0 kg and (c) 1.5 kg, over a time span of 50 hours. The failure rate of a propulsion unit is taken to
be 0.05 failures per hour.

4.6 Conclusion

This chapter concludes by noting the variability in reliability among different multi-rotor
UAV configurations, highlighting that UAVs designed with higher redundancy levels exhibit
enhanced reliability. The results from the controllability evaluation and Markov-chain
modelling provide significant insights into the reliability and safety of multi-rotor UAVs under
various failure conditions.

The controllability analysis showed that depending on the configuration, the UAV's
capacity to sustain flight control in the event of a propulsion unit failure varies considerably.
The controllability of the UAV was evaluated using the available control authority index
(ACAI), which showed that configurations with symmetrical rotor arrangements were more
resilient to single rotor failures. The significance of building UAVs with resilient configurations
that can keep control even in the event of critical component failure is highlighted by this
analysis.

For the UAV configurations, Markov-chain models were developed to give a
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comprehensive view of the system's reliability over time. The state transition diagrams showed
that the reliability of most configurations dropped sharply with multiple rotor failures, but most
configurations could withstand single rotor failures. The UAV's transition from fully
operational states to different degraded states was precisely predicted by the continuous-time
Markov models, providing important insights into the probabilistic nature of UAV failures.

It was clear from comparing various UAV configurations that some offered better
controllability and reliability than others, such as the Octo-H configuration. These
configurations demonstrated their suitability for high-risk environments over extended periods
of time by maintaining higher ACAI values and lower failure probabilities. Based on particular
operational requirements, a clear framework for choosing and designing UAVs is provided by
this comparative analysis.

The payload analysis assessed how various payload weights affected the controllability and
dependability of UAVs. It was found that heavier payloads typically resulted in less control
authority being available, increasing the likelihood of UAV malfunctions. Nonetheless, some
configurations, like the Octo-H, performed better with larger payloads because of their sturdy
build and efficient lift distribution. Planning a mission requires careful consideration of this
analysis to make sure that UAVs are not overloaded beyond manageable limits.

From a regulatory perspective, the evaluation of reliability, interestingly, does not
necessitate flight data but rather relies on UAV parameters for reliability estimation. The
framework discussed offers a valuable tool for pre-flight airworthiness assessments, enabling
the determination of UAV flight readiness. This method provides a foundational basis for flight
approval, ensuring UAVs meet critical safety standards before operation, aligning with
regulatory expectations and enhancing overall flight safety.

This chapter fills in a number of significant gaps in current approaches by introducing a

novel application of Markov-chain modelling to UAV reliability and airworthiness assessment.
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The dynamic and probabilistic character of UAV failures is frequently ignored by conventional
fault-tree or theoretical reliability models, particularly when operating in a variety of
conditions. This method offers a more detailed understanding of failure propagation and
controllability across various UAV configurations by integrating state transition diagrams and
continuous-time Markov models. Additionally, the analysis incorporates factors that have a
significant impact on operational reliability but are rarely taken into account in traditional
studies, such as payload weight and rotor symmetry. A useful innovation of the methodology
is its capacity to assess UAV reliability without requiring a large amount of flight data, allowing
for pre-flight evaluations that comply with legal requirements. These contributions provide
practical insights for developing and certifying UAVs for safe operations in challenging
environments, bridging the gap between theoretical frameworks and practical applications.

As mentioned in chapter 1 that, the individual motor’s failure rate assumption could be

updated based on the component’s reliability testbed modelling results in Chapter 5.
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Chapter 5 Experimental design

This Chapter is currently submitted for Review to be published in the Journal for Reliability
Engineering and System Safety under the title “Comprehensive Reliability Analysis and
Degradation Modelling of Electric UAV Propulsion Systems: An Integrated Qualitative and
Quantitative Approach” [107]

The propulsion system's vulnerability to failures demands rigorous experimental evaluation
to ensure UAV reliability. This chapter details the design and implementation of a testbed
tailored to analyse UAV components' reliability under controlled conditions. The testbed
focuses on capturing time-to-failure data for critical components such as motors, Electronic
Speed Controllers (ESCs), and batteries, providing empirical insights into their failure
mechanisms.

To address the complexities of UAV reliability analysis, this chapter outlines the testbed's
experimental objectives, setup, and methodologies. The experimental framework encompasses
continuous testing to simulate real-world operational conditions, enabling the collection of
high-fidelity data for model development and validation.

By bridging the gap between theoretical reliability analysis and practical data collection,
this testbed plays a pivotal role in refining the statistical and machine learning models discussed
in later chapters. The results obtained not only validate the methodologies proposed earlier in

the thesis but also provide actionable insights for designing more reliable UAV systems.

5.1 Experimental objective

Given the limited data on multi-rotor propulsion systems, the objective of this experiment
is to test the reliability of the components within the propulsion system. Using NATO paper
[108] and EASA paper [109] as references, this chapter aims to design and implement run-to-

failure experiments for UAV propulsion systems. These experiments will include stress tests
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using cyclical loading to identify potential motor degradation phenomena or functional failures.
Various configurations will also be tested to estimate the performance of different motor types
and identify trends in motor degradation. The goal is to generate empirical data essential for
validating the reliability models developed in previous chapters. By linking the experimental
design to the theoretical frameworks and analyses discussed earlier, this section ensures a
cohesive and comprehensive approach to UAV reliability assessment.

Chapter 3 provided a detailed Failure Modes and Effects Analysis (FMEA) of the UAV
propulsion system's components. The critical failure modes identified in Chapter 3 guide the
selection of components and conditions for the run-to-failure experiments. This ensures that
the experiments target the most vulnerable points in the propulsion system, as highlighted by
the FMEA, to effectively simulate real-world failure scenarios.

To further replicate long-term wear and tear observed in real-world UAV operations, the
experimental setup integrates controlled stress factors such as cyclical thermal and mechanical
loading. These parameters simulate degradation patterns typically seen in motors, ESCs, and
batteries under diverse operational conditions. Advanced statistical models, including Weibull
and Bayesian frameworks, are employed alongside real-time monitoring to capture high-
resolution data. This methodology ensures that the results accurately represent the degradation
trends encountered during real-world missions, bridging the gap between theoretical reliability
frameworks and practical applications. The ability of the testbed to predict degradation and
failure scenarios with high fidelity highlights its utility for both research and operational
planning.

The obtained degradation data can then be integrated into Weibull models and Markov
Controllability models (Chapter 4) to derive a reliability estimate. This estimate can be used
for drone licensing in the licensing phase and assist in maintenance cycle planning during pre-

flight and post-flight periods. By observing how actual failures impact UAV control and
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stability, the experiments provide critical feedback for refining the theoretical models discussed
in Chapter 4. This feedback loop enhances the accuracy and reliability of UAV controllability
assessments.

This process links back to Figure 1.1, which illustrates the phases of UAV operations,
highlighting the importance of pre-licensing, planning, operational, and post-flight phases. The
experimental objectives in Chapter 5 align with these phases by providing empirical data that
inform each stage of UAV operation. For instance, the pre-licensing phase benefits from
validated reliability models, while the planning and operational phases use this data to ensure
safe and efficient UAV missions. The post-flight phase leverages the findings to improve
maintenance protocols and predict future failures.

By linking the experimental objectives to the foundational analyses and models from
Chapters 3 and 4, as well as the overarching research roadmap in Section 1.3, this chapter
ensures a comprehensive and integrated approach to UAV reliability assessment. The empirical
data generated through these experiments not only validate the theoretical models but also

provide practical insights for improving UAV design, operation, and maintenance.

5.2 Experimental setup
Figure 5.1 illustrates the overall design of the experiment, which aims to identify faults in
the three major components of the propulsion system: the motors, the Electronic Speed

Controllers (ESCs), and the batteries.
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Figure 5.1: Overall Experimental Block Diagram

The experiment focuses on examining three major factors:
e Motor Degradation: Assessing wear and performance deterioration over time.
e ESC Power Draw: Monitoring the power consumption of the ESCs under various
conditions.
e Battery Life Cycle: Evaluating the longevity and performance of the batteries
through multiple charge and discharge cycles.
Figure 5.2 provides a summarized view of the inputs, outputs, and assumptions for the

experiment.

Assumptions and reasons for
measurement

1. Any increase in Power
Consumption over time for
I same motors, for same flight
——————— —_————— —I patter will be from a
disintegration factor of the
wires inside the motors

PWM Input to Motors

Cyclical ESC Current Draw |
- Log Based

Motor RPM |

2. Any ambient Temperature
sensors will be from Power
lossesin the system

Ambient Temperature |

Total Power Draw |

3. Any reduction in the
average RPM for a similar
flight overtimeis a

| Measurable Outputs | mechanical degradation due
______________ to friction or fatigue

Battery Charge Life |

Figure 5.2: Summarized inputs, measurable outputs, and assumptions.
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5.3 Motor degradation

To facilitate a broader range of motor reliability data, a combination of Brushless DC
(BLDC) motors will be selected to represent different classes of drones. While this approach
generalizes the results, it is more efficient given the extensive variety of motor manufacturers
and models, which makes exhaustive testing impractical.

To ensure the testbed provides a comparatively comprehensive data set for failure rates,
UAVs were first classified according to the criteria presented in Table 5.1. The classification is

based on the three most common categories, which consider size, weight, and flight times.

FPV/Racing (<1kg)

Hobby/Industrial
inspectiql} (=7kg)

Logistical/Farming

7 ,n')’i-'; :
{ =TT
o

Small, compact, used for
photo/video and racing

Medium sized. Used for
hobby photography and
industrial inspection

Large and Extra-large sized.
Used for long flights, heavy
loads, farming etc

10-20 min flight times

20-30 min flight times

>30 min (up to a few hours)

10xx-22xX motors 22xx-40xx motors 38xx-48xx motors

Table 5.1: Drone classification

5.3.1 Cyeclical loading

The cyclical loading component of the experimental procedure was developed using
guidelines from the NATO White Paper.

This document specifies that for any aircraft under 150 kg utilizing electrical motors,
reliability testing should adhere to the protocol outlined in Annex D UL.EE.22.c of the white
paper [60]. According to this protocol, the motors must undergo cyclic loading for 50 major

cycles to assess motor endurance. Each major cycle is divided into four sub-cycles: three 90-
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minute cycles at different temperatures (cold, ambient, and hot) and one longer 105-minute
cycle at ambient temperature.

These cyclical loading protocols was tailored to mimic real-world conditions by
incorporating variable temperature settings and representative power cycles. This approach
ensures that the failure modes observed in the testbed align closely with those experienced
during actual UAV operations.

However, for most multi-rotor copters, the specified test cycle durations of 90 minutes or
105 minutes per cycle are not practical. Most modern multi-rotor flights typically last between
20 to 40 minutes [61] , varying based on several factors. Additionally, considering the climate
of Singapore, where the weather is consistently tropical with an average annual temperature of
26-27.5°C and a high likelihood of precipitation [62] , the cold temperature sub-cycle can be
omitted. To better align with the actual usage conditions of multi-rotor copters in a tropical

environment, a modified testing protocol is proposed, as shown in Table 5.2.

Sequence Environmental Temperature Duration [min] Power setting

1.1 Ambient 2 Maximum continuous power
1.2 Ambient 8 Nominal power
1.3 Ambient 2 Maximum continuous power
14 Ambient 8 Nominal power

TOTAL CYCLE 1 DURATION: 20 [minutes]
2.1 Hot 2 Maximum continuous power
2.2 Hot 8 Nominal power
2.3 Hot 2 Maximum continuous power
2.4 Hot 8 Nominal power

TOTAL CYCLE 2 DURATION: 20 [minutes]
3.1 Ambient 2 Maximum continuous power
3.2 Ambient 18 Nominal power

TOTAL CYCLE 3 DURATION: 20 [minutes]

TOTAL SEQUENCE DURATION (1 to 3): 60 [min] Iterate the previous 3-cycle sequence up to 50 times
or a failure, whichever occurs first.

l/Ambient temperature setting = 26°C
Hot temperature setting = maximum temperature according to the design usage spectrum as per UL.0

Table 5.2: Modified experimental design of cyclical loading.
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5.4 Measuring motor degradation
To measure motor degradation, two primary methods will be employed: speed-based

assessment and electrical power-based assessment.

5.4.1 Speed-based assessment.

Most of the degradation from running a motor continuously is expected to result from
friction and heat generation. Consequently, it can be assumed that for any given RPM input,
the speed output will decrease over time. This implies that tachometers can be used to measure
the RPM for a given PWM signal when the motors are new, compared to their performance
after extended use. Significant degradation in motor performance should become evident as a
lower output RPM over time for similar inputs. The observed degradation can then be used to
build a predictive model.

To measure this degradation, IR sensors will be employed as tachometers to track the RPM
outputs of the motors. These RPM outputs can be compared over time; if degradation occurs,
the output RPM should decrease for the same PWM inputs as time progresses. The rough circuit
for measuring the speed of the motors is shown in Figure 5.3.

To measure motor degradation comprehensively, two major methods will be used: a

detailed speed-based assessment and an electrical power-based evaluation.

Lipo Battery

Figure 5.3: Motor connected to Arduino for PWM output.
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Figure 5.4: DIY Tachometer.

5.4.2 Electrical degradation testing

The motors are connected to power via the ESCs (Electronic Speed Controllers), which
control the motors based on the PWM (Pulse Width Modulation) input. The load current drawn
by the motor is proportional to its RPM. If a motor begins to draw more current to maintain the
same RPM, it can be inferred that there has been some form of electrical or physical
degradation. This increase in current indicates that the motor requires more power to overcome
increased friction or other resistance, suggesting wear and tear.

To effectively measure this degradation, inline current sensors will be used to monitor the
current draw of the motors during operation. By comparing the current drawn over time for the
same RPM inputs, it will be possible to identify any significant increases that indicate
degradation. This approach will provide a clear and quantifiable measure of motor health and

performance over extended use.

5.4.3 Addressing propellors
To ensure that the tests reflect real-world conditions, the impact of motor degradation while

equipped with a propeller also needs to be considered. An initial test was conducted to compare

76



the voltage drop measurements with and without propellers. This test utilized a 4S battery as a
power source, and the drones typically had a flight time of 20 minutes.

The initial test involved running motors A2212, A2820, and BR4114 on existing drones in
the lab. The voltage drop was measured over a 6-minute cycle for both scenarios:

e Without Propellers: The voltage drop was less than 0.1V.
e With Propellers: The voltage drop was 0.8V.

These results indicate that the voltage drop is significantly higher when the motors are
running with propellers. This finding highlights the necessity of testing the motors with
propellers to simulate the actual load conditions they will experience during flight. Testing
without propellers does not provide an accurate representation of motor performance and
degradation.

By testing the motors with propellers, the experiment will provide a more accurate
representation of motor degradation under real-life conditions. The observed voltage drops and
increased current draw will offer valuable insights into motor performance, helping to develop
reliable predictive models and maintenance schedules. This approach ensures that the data
collected can be extrapolated to real-world scenarios, improving the overall reliability and

safety of UAV propulsion systems.

5.5 ESC testing

ESCs are selected to match the motor specifications, ensuring the testing system accurately
reflects the configuration of a commercial UAV. This alignment is crucial for generalizing the
test results to real-world applications. The objective is to detect deterioration or faults through
electrical power draw assessment and temperature monitoring.

For this experimental setup, the existing motor electrical power testing circuit
will be employed to measure the current drawn by the ESCs. By monitoring this current, we

can identify potential issues: an increased current draw may indicate a fault in the ESC or an
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increased power demand from the motor due to degradation.

In either scenario, the data collected will be used to develop a comprehensive reliability
model for the entire propulsion system. This model will enable us to predict system
performance and identify potential failure points, thereby enhancing the overall reliability and

safety of the UAV.

5.6 Battery testing

To simulate real-world scenarios, a LiPo (Lithium Polymer) battery is utilized to power the
propulsion system. Although using bench power supplies might provide a more controlled
environment for run-to-failure tests, employing a LiPo battery introduces real-world
limitations, thereby offering a more comprehensive understanding of system-level trends. This
approach not only evaluates the performance of the propulsion system but also measures
battery degradation within the context of its operational environment.

During each test run, the initial and final voltages of the battery will be recorded. By
analysing the voltage drop across successive runs under consistent operating conditions, we
can identify signs of battery degradation. Specifically, an increased discharge rate over time for
identical test conditions will indicate a decline in battery performance. This method provides a
dual assessment of both the propulsion system's reliability and the battery's longevity, yielding

valuable insights into the overall endurance and efficiency of the UAV's power system.

5.7 Environmental control

To maintain temperature and environmental control, particularly for higher-than-ambient
testing as detailed in Chapter 5.3.1, it is crucial to have precise environmental control and
measurement. To facilitate this, the experimental setup will include the following

considerations:
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5.7.1 Plexiglass box

An enclosure made of Plexiglass or Acrylic will be utilized for two primary reasons. Firstly,
it provides a safety barrier in case of motor failure or other hazardous incidents. Secondly, it
creates a controlled environment essential for accurate testing.

BME280 environmental sensors will be deployed to continuously monitor temperature,
barometric pressure, and humidity inside the enclosure. These sensors will also detect any heat
generated by the system, allowing for real-time adjustments and precise environmental control.

By implementing this setup, the experimental environment will be both safe and controlled,
providing reliable data for assessing the performance and reliability of the UAV propulsion

system.

5.7.2 Box temperature control.

A heater/fan combination with a proportional thermostat will be used to heat and maintain
constant temperatures within the enclosure. This setup ensures precise temperature control and
uniform heat distribution. For this purpose, a 3D printer main voltage heated silicone bed
equipped with a thermocouple is ideal, as it provides efficient and reliable heating capabilities.
The thermocouple will continuously monitor the temperature, allowing the thermostat to make

real-time adjustments and maintain the desired temperature accurately.

5.8 Testbed component selection

Based on Table 5.1, the selection process was further refined to identify the most common
motor types for each UAV category. The final selection criteria included compatibility with a
12V power supply, which lies between the commonly used 3S and 4S battery configurations
across various UAV types. Although FPV/racing drones typically use 1S or 2S LiPo batteries
and industrial drones often use multiple 6S LiPo batteries, the selected motors are rated to

operate at 12V, making them suitable for these scenarios as well. The selected motors are
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detailed in Table 5.3.

To ensure accurate and effective testing, the motors were paired with appropriate ESCs and
propeller sizes, as specified in their respective datasheets. This combination provides a realistic
load on the motors, facilitating proper fatigue testing and ensuring that the results are relevant

to real-world applications.

MT2204 A2212 BE4108
> » B ASE
12A ESC 20A ESC 40A ESC
5” prop 9” prop 13” prop
2.94N thrust (300 grams) 4.65N thrust (475 grams) | 20.4N (thrust) (2080 grams)
2S-4S 3S-4S 3S-6S
2300KV 1400KV 480KV

Table 5.3: Motor choices and relevant ESC and propeller choices
5.9 Experimental runtime
The orange graph in Figure 5.5 represents a "High/Low" cycling pattern, while the blue
graph depicts a "Min/Max" cycling pattern. These cycles were specifically chosen based on the
criteria outlined in Table 5.2, which were influenced by Annex D UL.EE.22.c of the NATO
white paper [108].
The runtime of tests was optimized to balance experimental feasibility with the need for

long-term reliability insights. The simulated flight cycles were designed to replicate diverse
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operational scenarios, ranging from short-term missions to extended endurance tests, thereby
enhancing the applicability of results. This allows for degradation behaviours of critical
propulsion components, including motors, ESCs, and batteries, were evaluated under
controlled yet realistic operational stresses. This approach allowed for the identification of
failure modes that are commonly observed in real-world UAV operations.

Each set of motors was divided into groups of four for each test to ensure consistent and

reliable results across the different cycling patterns as described by Table 5.6.

% Max Speed PWM Input
T - -]
e &8 & &8 8 B

o

Figure 5.5: Cyclical loading of motors.

Motor Type Test Pattern Number of Hours Run No of
motors Failures/
Errors
MT2204 High/Low 4 40.3 0
Cycle 4 40.2 1*
A2212 High/Low 4 40.2 0
Cycle 4 40.3 0
BE4108 High/Low 4 30.3 0
Cycle 4 30.0 0

Figure 5.6: Motor runtime.
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5.9.1 Error in MT2204 Min-Max

At the 21st hour of testing the MT2204 motors under the Min-to-Max cycle, a fault was
detected. Upon initiating the testing cycle, both the current sensor and the tachometer for Motor
1 recorded errors. After completing the initial cycle, the test was temporarily suspended to
diagnose the issue. Consequently, this particular cycle was excluded from the final results
discussed in subsequent chapters.

The fault was identified as loose signal cables on the Arduino interface, likely caused by
inadvertent physical disturbance of the test bench, which displaced the wires enough to disrupt
pin contact. Following the identification and securing of the loose connections, the testing

resumed without further incident.

TimeStamp (s) Time Stamp (Mins) Time (Hrs) Input RPM Temp Motorl Motor 2 Motor 3 Motor4  Current Sensor 1 Current Se Current Sensor 3 Current Sesnor 4
5695 1261.583333 21.U02639 8280 23.46131 /6/6.215 /940.495458 /919.26/904 /275736 2207878347 2120732 2.030947/95 2.1527663013
75696 1261.6 21.02667 8004 26.2483 6969.552 7543.733953 7468.257352 7564.904 1.933363889 1.93121 2.008803882 2.126232391
75697 1261.616667 21.02694 7728 20.44393 7218.984 6769.243279 6800.687038 ©0812.3 2.038062763 2.044861 1.864062896 1.997748831
75698 1261.633333 21.02722 7452 24.22903 6811.129 6806.979691 6610.755814 6993.748 1.889968894 1.971047 1.815922133 1.921575868
75699 1261.65 21.0275 7176 24.91075 6384.534 6788.676618 6705.412706 6534.931 1.867943251 1.785017 1.738482744 1.804679605
75700 1261.666667 21.02778 ©900 26.53684 [aHi{eli ©0034.808357 ©595.55213 ©036.436 4N} 1.680522 1.70767412 1.749607587
75701 1261.683333 21.02806 7176 23.42624 26l 6402.617022 6617.799857 6314.373 [Nl 1.855914 1.814414635 1.743275954
75702 1261.7 21.02833 7452 25.23917 6489.209761 6517.066672 6513.746 [diHel: 1.854215 1.976046014 1.817094388
75703 1261.716667 21.02861 7728 24.82496 7355.244991 7198.073681 7211.38 [N 1.884095 2.03538443 1.952433831
75704 1261.733333 21.02889 8004 24.91126 7295.437881 7593.762725 7195.186 [2HHel 2.019388 1.981320165 2.034612282
75705 1261.75 21.02917 8280 26.98638 7234.866275 7809.238224 7597.193 [duHel 2.001194 1.99233474 2.119791961
75706 1261.766667 21.02944 8556 23.98556 7983.429394 7927.349771 8042.572 4Nl 2.080182 2.281613232 2.118450757
75707 1261.783333 21.02972 8832 25.10258 7904.701488 8413.262518 7873.113 N6l 2.347499 2.306068054 2.322131433

Figure 5.7: MT2204 Error in data set.
5.10 Initial Results discussion
While no failures were observed during the experimental tests, the degradation trends
captured through real-time monitoring align with the failure modes predicted in Chapter 3’s
FMEA. For example, gradual RPM reductions in motors reflect wear-out mechanisms, and
minor voltage irregularities in ESCs are indicative of electrical anomalies. These observations

validate the FMEA framework and provide critical insights for refining reliability models.

5.10.1 Initial findings
To analyse the motors, the initial step involves examining the raw data outputs to identify
any emerging patterns. Although the initial graphs may appear cluttered due to the large volume

of data, they will be refined in subsequent stages. This preliminary graphing is intended to
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provide an early indication of potential patterns, which will then inform the data cleaning

process and guide the detailed investigation that follows.

5.10.1.1 RPM outputs over time.
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Figure 5.8: AVG RPM for each test case against time.

Figure 5.8 illustrates that, contrary to the common assumption of linear degradation of
electronic components in an overall system as often suggested in literature [110] , the observed
data indicates an exponential degradation pattern. Specifically, the RPM degradation

demonstrates nearly a 30% reduction over time. Initially, the graphs display a linear trend;
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however, as time progresses, the rate of degradation accelerates exponentially, which aligns

more closely with the behaviour of more complex systems.

This finding suggests that modelling the degradation process may benefit from considering
exponential trends rather than linear ones. Figure 5.9 presents a typical equipment performance
cycle that could serve as a basis for this more nuanced modelling approach. This approach
better captures the dynamics observed in the experimental data, providing a more accurate

representation of the degradation process over time.
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Figure 5.9: Reliability prediction results for maintenance strategies decisions.
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5.10.1.2 Current draw over time
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Figure 5.10: Average current drawn per test over time.

Figure 5.10 illustrates an interesting phenomenon observed during the test period. Although
the RPM decreases over time, as discussed in Section 5.10.1.1, the current draw actually
increases to maintain output stability.

This relationship is noteworthy because the percentage change in average current
(%AAvgCurrent) almost inversely coincides with the percentage change in average RPM
(%AAvgRPM) over time. Specifically, as the RPM decreases to approximately 70% of the
initial input RPM, the required current increases by around 30% compared to the beginning of
the test. This inverse linear relationship highlights the compensatory increase in power

consumption required to maintain performance as motor efficiency declines.
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5.10.2 Lines of best fit

By utilizing a random sample of 200 data points from each test case, the output RPM and
input RPM of the motors can be compared. This comparison facilitates the creation of
degradation curves for each of the three motors, enabling the prediction of their degradation
patterns.

As illustrated in Figure 5.11, the degradation curves exhibit an exponential trend. Although
the degradation pattern for the 2204 motors fits a second-order polynomial best, the RPM loss
over time closely aligns with an exponential curve. For the 2212 and 4108 motors, the
degradation curves share similar coefficients and exponents.

The best-fit function for the 2212 motorsis y = 1.9693e%%752% and for the 4108 motors,
it is y = 1.9054e°9783%  Both functions exhibit coefficients of approximately 1.9 and
exponents around 0.07, indicating a consistent exponential degradation pattern across these
motor types. This similarity in the degradation models suggests a predictable pattern that can
be applied to estimate the performance decline of these motors over time.
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Figure 5.11: Fitting the High Low functions for the loss of average RPM difference vs RPM input.
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Following this, an overall average fitting was conducted to determine if a generalized
function could be generated to estimate the degradation and remaining useful life (RUL) of the

motors, regardless of type.

AVG%DeltaRPM Loss
40
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Figure 5.12: Average fitted function.

When the RPM loss over time is averaged, the best fit follows Equation 5.1, as illustrated
in Figure 5.12.
y = 2.0489¢00711x (5.1)
Where:
e x:Xx represents the number of hours flown.
e y:yrepresents the amount of RPM loss.
Using this exponential degradation model, we can make critical assumptions about motor
performance and drone stability. Specifically, it is assumed that a 25% RPM loss results in the
drone becoming unstable due to power thrust losses. This threshold allows for a quick

estimation of the RUL (Remaining Useful Life) of the motor.

5.11 Modelling

This Section follows the base procedure laid out in Quantitative evaluation of multi-rotor
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UAV propulsion system reliability[111] and is not elaborated here

5.11.1 Model Result Analysis

5.11.1.1 Weibull Model Result Analysis

—— Posterior predictive —— Posterior predictive
—— Observed —— Observed
- = Posterior predictive mean - = Posterior predictive mean

1 2 3 4 5 2.5 3.0 35 4.0 4.5
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Figure 5.13: a) Posterior Predictive Plot (LWMM) b) Posterior Predictive Plot (NWMM)

Figure 5.13a shows the posterior predictive plot for the Linear Weighted Mean Model
(LWMM), while Figure 5.13b shows the posterior predictive plot for the Non-Linear Weighted
Mean Model (NWMM).

In the LWMM, the highest point of the observed data aligns with the mean of the predicted
values on the x-axis. This alignment suggests that the model's average prediction closely
matches the average value of the observed data, indicating an absence of bias on average.
However, there is a noticeable difference in the distribution peaks on the y-axis, where the
observed data has a higher concentration around its central value compared to the model's
predictions. This discrepancy indicates that the LWMM underestimates the probability of the
most common outcomes seen in the data.

Approximately 30% of the observed data falls within the blue shaded region, representing
the spread of predictions. This suggests that the model's predictions carry significant

uncertainty and fail to accurately capture the true variability of the data.
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In contrast, the NWMM's posterior predictive plot shows that most of the observed data
falls within the blue highlighted region, indicating that the model effectively captures both the
average and the range of the data, thus outperforming the LWMM. However, a discrepancy
remains in the alignment of the highest points, with the maximum observed data point slightly
shifted to the right compared to the maximum point of the posterior predicted mean. This shift
suggests that the NWMM tends to underestimate the average value of the observed variable.
Additionally, the highest point of the observed data exceeds the highest point of the predicted
average, indicating that the model underestimates the likelihood of the most frequent
occurrence in the data.

When comparing both plots, it is evident that the NWMM provides a better fit. It more
accurately represents the central tendency and variability of the observed data and offers more
reliable predictions. This improved fit suggests that the NWMM is better calibrated and can
generalize more effectively to previously unseen data. Conversely, the LWMM exhibits higher
bias and less variation in predictions, which aligns less closely with the true variability of the
data.

In summary, the NWMM demonstrates superior performance in modelling the data,
capturing the essential characteristics of the observed distributions, and providing more
accurate and reliable predictions. This makes it a preferable choice for applications requiring

robust predictive accuracy.
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5.11.1.2 NN Model Analysis
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Figure 5.14: Residual Plot for NN

Figure 5.14 depicts the residual plot for the 2212 High-Low cycle, illustrating the
differences between the actual values and the model-estimated values. The residuals are plotted
on the vertical axis, while the actual values are shown on the horizontal axis.

The plot reveals a clear trend where residuals consistently increase with the actual values.
This pattern indicates that the model systematically underestimates the target variable as the
actual values rise.

The increasing residuals with higher actual values suggest a systematic bias in the model,
indicating that the model's predictions become less accurate for larger actual values, resulting
in consistent underestimation. Ideally, residuals should be randomly distributed around zero if
the model accurately captures the underlying data patterns. The observed non-random
distribution implies that the model fails to account for specific characteristics or relationships
within the dataset.

The clear pattern in the residuals suggests that the current model inadequately captures the

potential nonlinear relationship between the input features and the target variable. This
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inadequacy is particularly evident for higher values of the target variable. The trend in the
residuals indicates that a nonlinear relationship may exist between the input features and the
target variable. The current model's inability to capture this nonlinearity results in systematic
prediction errors. To improve predictive performance, it is recommended to explore more
sophisticated modelling approaches, such as nonlinear regression techniques or advanced
machine learning algorithms, which can better accommodate the complexities observed in the
dataset.
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Figure 5.15: Actual vs Predicted Plot for NN

Figure 5.15 presents a scatter plot comparing real values with predicted values. The figure
includes a dotted line representing the ideal prediction line, where the predicted values would
perfectly align with the actual values.

A significant number of data points fall below the dotted line, indicating that the model
tends to overestimate the actual values. The tendency of the model to predict higher values than
the actual ones indicate a systematic overestimation error, which suggests that the model's
assumptions or structure are insufficient to capture the underlying patterns of the data. The
consistent overestimation implies that the current neural network model does not possess the

necessary complexity to capture the nonlinearity, and intricacies present in the dataset.
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To address this issue and improve the model's ability to capture the data's complexity, more
Long Short-Term Memory (LSTM) units were added to the neural network. The number of
LSTM units was increased from 64 to 128, resulting in the updated model referred to as NN128.
By increasing the number of LSTM units, the enhanced model is expected to better capture the
nonlinearity and intricacies in the data, leading to more accurate predictions and reducing the
systematic overestimation observed in the original model.

Based on these findings, it can be concluded that the original neural network model was
inadequate for accurately capturing the nonlinearity present in the data. By increasing the
number of LSTM units from 64 to 128 (NN128), the model's complexity is enhanced, which
should improve its ability to represent the data accurately and reduce prediction errors. This
adjustment aims to create a more robust model capable of effectively handling the complexities

inherent in the dataset.
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Figure 5.16: Residual Plot for NN128 Figure 5.17: Actual vs Predicted for NN128

The revised neural network model demonstrates improved accuracy in predictions. The
residual plot indicates that the residuals are uniformly distributed around the zero line,
suggesting that the model's prediction errors follow a normal distribution without noticeable
bias. The dispersion of the residuals indicates that the model does not consistently overestimate

or underestimate the observations.
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The revised neural network model, with increased LSTM units, successfully addresses the
limitations of the previous model. The uniform distribution of residuals and the symmetrical
scatter of data points around the perfect prediction line confirm that the model adequately
captures the complexity and variability of the data. The lack of bias and the presence of
symmetry are critical indicators of the model's reliability and flexibility in making accurate
predictions. This improvement highlights the model's enhanced capability to handle the

nonlinear relationships inherent in the dataset, making it a robust tool for predictive analysis.

5.12 Model Evaluation

5.12.1 Model Evaluation Metrics
To evaluate the accuracy of the models, three measures have been selected: Root Mean
Squared Error (RMSE), Mean Absolute Percentage Error (MAPE), and R-squared (R?). [81]

e Root Mean Squared Error (RMSE): RMSE is used to measure the average
magnitude of the errors between predicted and actual values. It is particularly
sensitive to larger errors, providing a clear indication of the model's prediction
accuracy.

e Mean Absolute Percentage Error (MAPE): MAPE measures the accuracy of the
model in terms of the percentage error, making it easy to interpret and compare
across different datasets.

e R-squared (R?): R? represents the proportion of variance in the dependent variable
that is predictable from the independent variables. It provides a measure of how
well the model captures the data's variability.

To evaluate model complexity, several criteria have been selected: training duration,
number of parameters, and number of divergences (specifically for Weibull models).

1. Training Duration:
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This refers to the time required to train a model, reflecting the computational
efficiency and complexity of the model's learning process. Training duration is
crucial when time resources are limited, especially in scenarios requiring iterative
experimentation. Since these models aim to validate the reliability of drones, shorter
training durations enable faster repetition cycles, providing more opportunities for
experimentation within a given timeframe.

2. Number of Parameters:
This measures the total count of trainable parameters in a model, indicating its
complexity and ability to learn patterns from data. The number of parameters serves
as a direct measure of the model's intricacy. While increasing the number of
parameters can enhance the model's capacity to learn complex patterns, it also
increases the risk of overfitting, particularly with limited data. Therefore,
understanding the model's parameter count is crucial for managing the trade-off
between model complexity, overfitting potential, and available data.

3. Number of Divergences (Specific to Weibull Models):
This criterion applies to Weibull models and refers to the instances where the model
fails to converge to a solution during training. High numbers of divergences indicate
issues with model stability and training efficiency, highlighting areas where the
model's complexity may need to be adjusted for better performance.

By assessing both the accuracy and complexity of the models, this study aims to balance
the trade-offs between computational efficiency, predictive accuracy, and the potential for
overfitting. The chosen criteria provide a comprehensive framework for evaluating and
optimizing the performance of models used to validate the reliability of drones, ensuring robust

and reliable predictions in practical applications.
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5.12.2 Model Evaluation

LWMM | NWMM NN NN128
RMSE 0.1117 0.1105 0.7478 | 0.8266
R2 0.2234 0.2150 | -29.0724 | -35.8410
MAPE (%) 3.2598 3.2119 0.1922 | 0.2166
Training Time (s) 815 245 52 98
Number of Parameters 594667 | 382636 21121 74881
Divergences 0 4

Table 5-4: Evaluation Results for Cycle

The RMSE quantifies the dispersion of residuals, indicating how accurately a model
predicts observed outcomes with fewer errors. Table 5-4 shows that the LWMM and NWMM
have low RMSE values of 0.1117 and 0.1105, respectively, suggesting that these models
provide more accurate predictions closer to the actual values. In contrast, the NN models, with
larger RMSE values, appear to deviate more from the actual values, potentially due to

overfitting or underfitting.

The R? value of 1 implies a perfect fit of the regression predictions to the data. While a
value close to 1 is desirable, a low R? indicates that the model explains little of the variability
in the response data around its mean. The low positive R? values for LWMM and NWMM,
such as 0.2234 and 0.2150, respectively, indicate that they capture only a modest proportion of
variance in the data. The significantly negative R* values in NN and NN128 may indicate
overfitting to the training data, resulting in poor generalization to the test data.

A lower MAPE score suggests that a model's predictions closely match the actual data in
terms of percentage error. The disparities between the MAPE and RMSE of the NN and NN128
models may be attributed to skewed errors. If the neural network models consistently
overestimate or underestimate the real values, the MAPE may remain low, while the RMSE
would be large due to the squaring of the errors. This indicates that the neural network models

struggle with specific portions of the data.
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When comparing the NWMM and LWMM models, both demonstrate similar levels of
accuracy. However, the LWMM model requires substantially more time to train due to its
higher number of parameters.

Overall, the Weibull models (NWMM and LWMM) appear to strike a harmonious balance
between precision and complexity. Despite their longer training times and higher number of
parameters, these models exhibit lower RMSE and positive R? values, indicating a better
representation of the underlying process compared to the NN models. Although the NN models
train quickly, they lack the necessary precision to be considered reliable. The presence of
negative R? values is concerning and suggests that either the model structure is unsuitable for

the data, or the model inadequately reflects the underlying process.

LWMM | NWMM NN NN128
RMSE 0.1291 0.1103 0.2367 0.1773
R2 0.1542 0.2589 | -1.7363 | -0.7749
MAPE (%) 3.3367 2.9504 0.0622 0.0476
Training Time (s) 403 236 58 112
Number of Parameters 594667 594667 21121 74881
Divergences 0 40

Table 5-5: Evaluation Results for High-Low

The Weibull models exhibit greater stability and moderate prediction accuracy in the High-
Low cycle. However, they require longer training times and have higher complexity, as shown
in Table 5-5. Among the Weibull models, the NWMM, despite experiencing some divergences,
demonstrates slightly better compatibility than the LWMM.

In contrast, the neural network (NN) models offer faster training times and reduced
complexity. However, their negative R? values suggest they may not accurately capture the
underlying data distribution. The significant difference between their low MAPE and higher
RMSE likely results from consistent overestimation or underestimation of data, as noted in the
cycle findings.

The NN models appear more effective in handling the High-Low cycle compared to the
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Cycle models. This observation suggests that NN models are better suited for dynamic
environments characterized by frequent variations in operational stress due to alternating power
levels during flight. However, this also implies that NN models might be responsive to specific

conditions but may not generalize well under different stress scenarios.

LWMM NWMM NN NN128
RMSE 0.1204 0.1104 0.4923 0.5020
R2 0.1888 0.2369 -15.4043 -18.3080
MAPE (%) 3.2982 3.0812 0.1272 0.1321
Training Time (s) 609 241 55 105
Number of Parameters 594667 488651 21121 74881
Divergences 0 22

Table 5-6: Total Average Evaluation Results

Overall, the nonlinear approach demonstrated by the NWMM is more effective at capturing
the complexities of the data compared to the linear approach. However, the divergences
observed in the NWMM may indicate issues with sample selection and model convergence,
which could affect the reliability of its predictions. This may require adjustments to the model's
priors or sampling technique.

This shows that while Weibull models consistently perform well across many cycles,
demonstrating their robustness and reliability in various operational scenarios that drones
encounter, neural network models offer quicker training but may require further refinement to

improve accuracy and generalization.

5.13 Conclusion

This chapter presents a new testbed for UAV propulsion systems that can carry out
extensive run-to-failure tests in a controlled environment. This testbed fills a crucial gap in
UAV reliability research—which frequently lacks empirical data for model validation—by
mimicking operational environments. Advanced sensors and data acquisition systems are
integrated into its design to record high-resolution performance metrics, allowing for in-depth

examination of failure mechanisms and degradation patterns. An important development is the
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application of NWMM for predictive modelling, which provides a reliable and precise way to
identify nonlinear degradation trends that are usually missed by traditional linear models. These
developments establish a new benchmark for UAV propulsion reliability studies by offering a
scalable framework for creating predictive maintenance plans.

The tests consistently showed a decline in motor performance due to mechanical wear and
overheating. As the motors approached failure, there was a noticeable decrease in RPM and an
increase in current draw. Weibull analysis identified wear-out failure as the primary mode,
emphasizing the need to monitor motor temperature and load conditions to predict and prevent
failures. ESC failures were primarily attributed to voltage variations and current surges. The
data highlighted the vulnerability of ESCs to electrical anomalies, underscoring the importance
of reliable electrical monitoring systems to promptly detect and address such issues.

The Nonlinear Weibull Mixed Model (NWMM) outperformed both the Linear Weibull
Mixed Model (LWMM) and neural network models in terms of accuracy and reliability across
various assessment criteria and operating cycles. Despite the NWMM's longer training time
due to its complexity, it demonstrated lower RMSE and positive R? values, indicating a more
accurate representation of the degradation process compared to the neural network models.
Although faster, neural network models lacked accuracy in predicting outcomes, as evidenced
by negative R? values and higher RMSEs. These models struggled with generalization across
different scenarios, potentially oversimplifying the nonlinearity present in the data.

The experimental findings provide a comprehensive understanding of the degradation
mechanisms affecting essential components of UAV propulsion systems. By utilizing this data,
UAV operators can enhance safety, increase reliability, and improve maintenance protocols.
Future studies should aim to broaden the scope of these experiments by incorporating a wider
range of operating conditions and advanced monitoring technologies to further refine the

predictive models. These insights underscore the importance of continuous monitoring and
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advanced modelling to ensure the longevity and reliability of UAV propulsion systems, guiding

future research and development in this critical area.
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Chapter 6 Degradation flight testing and results

The Work presented in the Chapter was partially published in DASC 2023 Conference
under the title “UAV flight test and its endurance degradation modelling by considering the
energy efficiency and flight stability factors” [112]

This Chapter covers the other half of the concurrent tests conducted during the course of
this Research. Namely in contrast to the is propulsion system degradation by analysis of the
different component level degradation over time on testbench, as discussed in Chapter 5, this
chapter covers a test of a full UAV system to simulate real-world degradation over time.

The rapid advancement and deployment of Unmanned Aerial Vehicles (UAVs) in recent
years, fuelled by breakthroughs in Al and robotics, have revolutionized a myriad of sectors
including agriculture, disaster management, surveillance, logistics, and more [113]. However,
despite the proliferation of UAV applications, accurately estimating flight endurance remains
a daunting task. This challenge originates from the intricate interplay of various factors
influencing UAV performance such as payload, environmental conditions, aerodynamic
properties, and the state of the UAV itself, particularly its energy source and mechanical health
[114]. In the context of UAV failures, Zahra et al. [115] disclosed that nearly half of all
accidents can be attributed to machine failure, with the propulsion systems of UAV's accounting
for almost 40% of these failures. However, it's imperative to recognize that beyond the costly
analysis based on total failure samples, the detection and prediction of UAV performance
degradation trends are of substantial research significance. This consideration is especially
relevant when considering the practical constraints related to experimental costs and feasibility.

The lack of comprehensive and contextually-rich data hampers the ability to develop
precise predictive models [116]. Moreover, the complex nature of UAV systems necessitates
sophisticated analysis techniques capable of decoding intricate correlations and causality in

large, multi-faceted datasets.
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6.1.1 DJI F450 Drone Platform Setup

The drone setup for the flight test is the DJI F450, a versatile drone renowned for its
adaptability and performance. The DJI F450 as shown in Figure 6.1 has a diagonal wheelbase
of 450mm and a frame weight of just 282¢, promising a balanced combination of stability and

lightness that should enable efficient flight dynamics.

Controller |

Figure 6.1: F450 drone platform [112]

As shown in Figure 6.1 the propulsion system of this sophisticated drone is engineered with
precision, incorporating 2212 920KV Brushless Motors as its core. Each of these high-
efficiency motors, with a weight of 53 grams, 1s capable of delivering an impressive maximum
power output of 370W. Furthermore, they are designed to produce a formidable maximum
thrust of 1200 grams, ensuring the drone's capability to achieve and maintain superior flight
performance. At the heart of the propulsion mechanism are the meticulously designed 1045
ABS propellers. Each propeller, part of a pair and weighing 22 grams, spans 10 inches in length
and features a pitch of 4.5 inches. The strategic dimensions and materials of these propellers
contribute significantly to the overall aerodynamic efficiency, offering the agility and lift

essential for the drone's aerial manoeuvres.
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Enhancing the drone's flight capabilities, the propulsion system's efficacy is seamlessly
integrated with the advanced Holybro Pixhawk Mini flight controller. This compact yet
powerful flight controller stands out for its ability to optimize flight performance, ensuring a
smooth and responsive control experience. It plays a pivotal role in flight management,
adhering to the highest standards of precision and reliability. Throughout all flight tests
conducted in this experiment, altitude control mode was meticulously utilized, highlighting the
controller's versatility and efficiency.

The drone's sensory apparatus is nothing short of state-of-the-art. It is equipped with an
MPU9250 sensor, providing critical data from its accelerometer, gyroscope, and magnetometer.
This is complemented by an MS5611 barometer, renowned for its precise altitude
measurements. Together, these sensors supply real-time data to the flight controller,
empowering the drone with the ability to navigate with unparalleled stability and accuracy
across a multitude of flight trajectories.

Powering this technological marvel is the ACE 5300mAh 14.8V 30C Lithium Polymer
Battery, chosen for its optimal capacity and voltage to guarantee prolonged flight times and a
consistent power supply during all phases of operation. This ensures that the drone remains
operational for extended periods, catering to the demands of various flight missions without
compromise.

For operational management and monitoring, the drone utilizes the sophisticated QGround
Control software. This powerful software suite is instrumental in configuring flight parameters,
managing the drone's operations, and most importantly, collecting and analysing flight data.
The capabilities of QGround Control software extend far beyond basic flight control, offering
in-depth insights into flight dynamics, thereby enabling precise adjustments and improvements
in drone performance based on empirical data.

In summary, the integration of high-performance 2212 920KV Brushless Motors,
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aerodynamically efficient 1045 ABS propellers, the cutting-edge Holybro Pixhawk Mini flight
controller, advanced sensory equipment, a high-capacity ACE Lithium Polymer Battery, and
the comprehensive QGround Control software, collectively forge a drone propulsion system
that is designed to excel. This system not only meets but exceeds the requirements for agile,
stable, and extended flight capabilities, setting a new benchmark in drone technology and

performance.

6.1.2 Flight Test Specifications

The flight tests, as depicted in Figure 6.2, were undertaken in a controlled indoor setting.
The drone was controlled manually to follow a rectangular trajectory with dimensions of 3.5
by 4.5 meters in a counterclockwise direction (from point A to until point D in Figure 6.2). This
routine commenced from a fully charged state and persisted until the battery voltage reached
the predefined threshold. The flight altitude, denoted as h, is subject to operator control and

maintained an approximate average of 1.5 meters throughout the test.

Figure 6.2: Indoor UAV flight environment [112]

6.1.3 Flight test data

In a flight test, constraints from battery endurance and pilot focus typically limit flights to
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15 to 20 minutes. After each session, a comprehensive .ulg formatted log, approximately SOMb

for a 20-minute flight, is saved for subsequent data processing by a developed pipeline.

Extracted CSV files from such a log expand to around 120Mb. Notably, different sensors

possess varied sampling frequencies. This study specifically leverages readings associated with

the motors' instantaneous rotational speeds as training data for the LSTNet model, marking a

foundational explorative approach.

To ensure high-quality inputs for model training and analysis, preprocessing steps were

employed to manage noise, handle outliers, and align data across sensors:

Data Fusion and Resampling: Sensor data with varied sampling frequencies were
aligned using linear interpolation, ensuring consistency and compatibility for
analysis. This step allowed seamless integration of multi-source data for the model.
Exploratory Data Analysis (EDA): Prior to analysis, EDA was conducted to inspect
the structure and quality of the data, identifying anomalies, trends, and
inconsistencies. These inspections informed preprocessing strategies tailored to the
dataset.

Noise and Outlier Management: Advanced filtering techniques were applied to
smooth fluctuations caused by noise. Additionally, the LSTM autoencoder model
itself was leveraged for anomaly detection, flagging deviations from expected
reconstruction outputs as potential outliers.

Sequence Reconstruction and Error Minimization: The LSTM autoencoder
reconstructed sensor data sequences, with the reconstruction error serving as an
indicator of legitimate degradation patterns versus noise. This ensured that the

model retained essential degradation signals while mitigating the impact of noise.

Concurrently, meta-data from each flight test was meticulously documented. The dataset

encapsulates variables such as the unique identifiers for the log, pilot, and battery, the initial
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battery voltage, drone take-off and landing timestamps. Moreover, the dataset chronicles the
number of laps completed counterclockwise along the predefined rectangular trajectory, as
depicted in Figure 6.2. Furthermore, anomalies in flight patterns, like abrupt lateral deviations
or vertical fluctuations, were also noted which could be further converted to the indicators for

the flight stability characterization.

6.2 Flight test outcome

The manual flight test in the laboratory of this project has finally collected around 60 hours’
effective log data of the F450 drone. The flight test operation was conducted from April-2023
until end of August-2023 by the multiple pilots within the ATMRI group and the supervisor
who stand beside pilot for the security alert and data recording purpose also contributed
throughout the test process.

The recent series of tests revealed critical reliability issues in the system, manifesting as a
trifecta of failures. As shown in Figure 6.3, the gimbal responsible for transmitter control (as
in dictated as (a)) ceased functioning around the 30-hour mark, with its legacy status and lack
of usage history complicating diagnostics. Subsequently, at the 40-hour threshold, the battery
connector (as in dictated as (b)) succumbed to abrasion and fatigue, indicating a potential
oversight in material endurance. Finally, the flight controller's failure (as in dictated as (c)) after
approximately 60 hours raises concerns about the overall system integrity, necessitating a
comprehensive review of the design and maintenance protocols to enhance future test

outcomes.
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(a)

. Controller

Figure 6.3: The F450 done failure event during the flight test.

Different from the testbed test in Chapter 5 which aims to generate multiple total failure
data samples for the interested components, these full system event failure data samples provide

meaningful reflection of the overall reliability properties of the drone used in the flight test.

6.2.1 Weibull model for the UAV failure event data analysis

Given the constraints of limited failure data samples from disparate components, it is
imperative to adopt a methodological approach that accurately reflects the overall reliability of
an Unmanned Aerial Vehicle (UAV) across its lifecycle. The Weibull Non-Homogeneous
Poisson Process (NHPP) model [117] stands out as the preferred analytical tool for this purpose.
It is particularly well-suited to our context, where the UAV's reliability assessment must
incorporate data from three distinct failure incidents, each followed by repairs that only
partially restore the system's functionality, thereby allowing the effects of wear and tear to
accumulate progressively over time.

The inherent advantage of the Weibull NHPP model lies in its ability to handle non-constant
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failure rates, which is a realistic reflection of the UAV's operational conditions [118]. Unlike
traditional models that assume a constant failure rate, the Weibull NHPP acknowledges that the
failure mechanisms evolve and the hidden failure rates vary as the UAV ages, and as it
experiences different environmental conditions and operational stresses [119]. This model's
flexibility to adapt to changing failure rates makes it an indispensable tool in forecasting the
UAV's reliability, enabling a more robust and comprehensive understanding of its performance

and maintenance needs.

6.2.2 Weibull NHPP model fitting and results.
Two types of NHPP structures were selected for comparison of their performance. On is Power
Law Weibull NHPP model and another one is Polynomial Weibull NHPP model.

The Power Law Weibull Non-Homogeneous Poisson Process (NHPP) model refines the
approach to reliability analysis by incorporating the principle that the failure rate does not
remain constant but instead follows a power law relationship with respect to time [120]. This
model posits that the rate of failure escalates or decelerates proportionally to time raised to a
certain exponent. In essence, this exponent, often referred to as the shape parameter in the
Weibull distribution, dictates the trend of the failure rate: if the shape parameter is greater than
one, the failure rate increases over time, indicating a wear-out mechanism, while a value less
than one suggests a decreasing failure rate, often associated with an initial 'burn-in' period.

In the context of UAV components, where the effects of aging, environmental wear, and
operational stress dynamically alter reliability, the Power Law Weibull NHPP model enables a
nuanced understanding of how these factors influence failure rates. By fitting the model to
empirical data—such as the three documented failure incidents—it becomes possible to discern
the underlying failure pattern, whether it be a gradual degradation or intermittent faults. This
modelling is critical for predicting future reliability, scheduling preventive maintenance, and

improving UAV designs to mitigate the identified risks.
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The detailed equations of the Power Law Weibull Non-Homogeneous Poisson Process are
presented in the following part.
Reliability function:
R(t) = exp(A(t)) = exp (—athf) (6.1)
Failure rate function:
A(t) = afthb1 (6.2)
Expected cumulative number of failures upon time #:
A(t) = atf (6.3)
Based on the equations listed above, the actual parameters and fitted reliability functions
are as shown in the following:
Reliability function:
R(t) = exp (—4.879 x 107> x t1349) (6.4)
Failure rate function:
A(t) = 4.879 X 107> x 1.349 x t034° (6.5)
Expected cumulative number of failures upon time #:
A(t) = 4.879 x 107> x 1349 (6.6)
The Polynomial Weibull Non-Homogeneous Poisson Process (NHPP) model extends the
capabilities of reliability analysis by describing the change in failure rate over time with a
polynomial function [121]. This model is particularly adept at capturing complex behaviours
of systems where the failure rate (A) does not follow a simple linear or exponential trajectory
but may exhibit a variety of patterns—increasing, decreasing, or stabilizing as time progresses.
In this model, the polynomial function, typically a sum of powers of time with
corresponding coefficients, is used to fit the observed failure data. The degree of the
polynomial—whether it is a quadratic, cubic, or higher degree—reflects the complexity of the

system's failure dynamics. For example, a quadratic function can model a scenario where the
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failure rate initially decreases, reflecting early detection and rectification of faults, before
increasing due to aging and wear. A cubic or higher-degree polynomial can model more
intricate behaviours, such as a failure rate that decreases, then stabilizes, and finally increases.

Applying the Polynomial Weibull NHPP model to the UAV's failure data allows for a
comprehensive depiction of how its components' reliability evolves throughout its operational
life. This is crucial for pinpointing periods of increased risk of failure, thereby informing
targeted interventions, optimizing resource allocation for repairs, and ultimately enhancing the
UAV's design for resilience against complex failure patterns.

The detailed equations of the Polynomial Weibull Non-Homogeneous Poisson Process are

presented in the following part.

Reliability function:

R(t) = exp (—at — ft?) (6.7)

Failure rate function:

A(t) = a + 28t (6.8)

Expected cumulative number of failures upon time #:

A(t) = at + pt? (6.9)

Based on the equations listed above, the actual parameters and fitted reliability functions
are as shown in the following:
Reliability function:
R(t) = exp (—=5.015x 107* x t — 9.632 X 1078 x t?) (6.10)

Failure rate function:
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A(t) =5.015x107*+2x9.632x 1078 x t (6.11)
Expected cumulative number of failures upon time ¢:

A(t) = 5.015 X 107 X t + 9.632 x 1078 x t2 (6.12)

The F450 drone’s corresponding reliability and failure rate development feature over the
60 hours’ test time period is displayed in Figure 6.4. Upon examining the reliability and failure
rate over time, it has been observed that both metrics exhibit non-linear progression, eschewing
a straightforward path in favour of more complex patterns. When plotted, the reliability curves
derived from both models bear a striking resemblance in shape, suggesting a degree of
synchronicity in the overall reliability trends they predict. However, a discernible divergence
appears in the failure rate curves, particularly noticeable at the extremities of the timeline. In
the nascent stages, the initial failure rates differ significantly, potentially due to initial quality
variances or 'burn-in' effects. Conversely, in the later periods, the models predict contrasting
failure rate trajectories, which could be indicative of varying degrees of wear-out mechanisms
or maintenance effectiveness as the system matures. This bifurcation in trend underscores the
complexity of the system's failure dynamics and highlights the criticality of time-specific

analysis in understanding and forecasting reliability.
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Figure 6.4: F450 drone reliability development over cumulative flight time: (a) Reliability curve; (b)

Failure rate curve.

6.3 Exploratory data analysis of the flight test log data samples

The primary objective of this flight test is to evaluate the real-time degradation patterns

within the propulsion system. Following the completion of the test flight, meticulous efforts in

data collection, cleansing, and processing will have been executed. It is then imperative to

engage in exploratory data analysis (EDA) on the refined dataset. Conducting EDA is a critical
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step that serves as a prelude to the actual modelling work, as it provides an initial inspection
and understanding of the data's characteristics [122]. This preliminary examination is
instrumental in identifying trends, detecting anomalies, and understanding the data's underlying
structure, thereby informing the subsequent modelling approach, and ensuring that the analysis
is grounded in a robust understanding of the dataset's nuances.

This subsection has selected several representative parameters groups to show the physics

feature behind the flight log data. The selected data sample is a flight test for about 10 mins.

6.3.1 Selected sensor data analysis individually and comparatively
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Figure 6.5: The accelerometer temperature variation during the test.

As shown in Figure 6.5, the accelerometer’s temperature increased quickly after the drone
was armed, and it reached a relatively stable constant level after around 3 mins (200M
timestamp value), as the green line indicated, which means the heat generation and dissipation
come to a balance statement. A higher Z value represents the drone flying at a higher vertical

space location than the start positions on the ground floor.
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The dashed line circle indicated that two low-position record data points demonstrated a
rapid temperature drop, indicating that when the drone came near the floor, the enhanced
airflow from the floor reflection increased the heat exchange rate.

The solid line circled data points from a higher position (a more negative Z value) induced
a sudden increased temperature. This phenomenon inspired that the flight height or the space
gap between the drone and the nearby obstacle or floor affects the airflow and the heat
dissipation. Thus, the heat load cycle and degrading damage, which can be accumulatively
applied to the drone through multiple individual flight tests, would be different even though

the flight time length is approximative.
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Figure 6.6: Barometer pressure and temperature.

Apart from the accelerometer signal readings, another sensor called a barometer which is
used for UAV’s height location detection. The pressure value would decrease when the height
is increased. Figure 6.6 indicates that the temperature of the barometer is continuously
increasing along the flight time. The pressure value is used as an indicator for height estimation.
A hysteresis manner appeared when comparing the take-off period, A, and landing period B.
Therefore, in future analysis, the barometer-based height estimation will be more accurate for
the normal flight period.

The sampling frequency of the barometer and the accelerometer are the same. Therefore, the
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comparative study of the parameters between such files is convenient. As Figure 6.7 shown
that the temperature of both the barometer and accelerometer increased after the UAV took off.
However, the heat build-up and temperature rise characteristics are diverse. This comparison
plot also illustrated that the temperature variation of the accelerometer is much higher than the
barometer. And the barometer’s temperature continuously increases without a precise, stable

period.

temperature
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Figure 6.7: Temperature comparison between accelerometer and barometer.

A 3D plot can take four different parameters into consideration at the same time. Figure 6.8
aims to reflect the relationship of the parameters between the accelerometer and barometer.
And such an intuitive 3D plot helps to understand the complex physics performance during the

same test history.
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Figure 6.9: Position, velocity, and acceleration plot for (a) X; (b) Y; (¢) Z.

The Figure 6.9 presents this typical rectangular route flight generated space location-related
parameters comparison between the X, Y, and Z directions. It can be found that the velocity and
acceleration instant values in the X direction are distributed more uniformly than the other two.
The velocity and acceleration values in Y and Z directions gathered close around the 0 mean
value correspondingly. Therefore, such parameters’ distribution in Y and Z directions are
suitable for evaluating the overall stability of a particular flight. And this kind of information

could be potentially effective input for future UAV performance degradation analysis.

The next critical component of a drone is the battery which provides all the power supply.
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The battery’s output voltage and average current value are plotted in Figure 6.10, along with
the timestamp. The highest power output happens in the take-off period. The average current
was reduced to very low during the stable flight. Therefore, the electricity supply-induced
degradation calculation to the propulsion system (here means, the motors) is more affected by
the take-off period with a high current value. The voltage and current decreasing characteristics
are relative to the battery health. When enough life-to-failure test data samples are available,

such parameters can be used to build up the battery degradation and failure prediction model.
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Figure 6.10: Battery performance during the flight test.

6.3.2 Data fusion for cross-sensor data integration and analysis explore.

The aforementioned investigation plots are all based on the groups’ parameters with the
same sampling frequency respectively. In order to analyse the different sensors’ effects on each
other, this study applied an interpolation method to realize the data resampling between
multiple sensors.

Taking this 10 mins log data set as an example, the data recording samples’ number of
acceleration sensor parameters and X, Y, and Z position information is 592, while the battery-
related information samples’ number is 2963. The proposed interpolation method can be used

to increase the low data file (containing 592 samples) to match the high one (containing 2963
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samples) to realize the data fusion and analysis efficiently.

The interpolation method by Oh et al. [123] used in this analysis is linear interpolation as
an initial exploratory attempt. There are different methods that can be used for data integration.
The choice of such a method depends on the nature of the target data and the specific
requirements of the analysis [124]. Generally, the linear approach is a good choice for data that
has a relatively smooth variation between consecutive data points. It assumes that the rate of
change in the data is constant between two data points. Other methods, such as the nearest
interpolation, can be used to fill the missing values with the nearest non-missing value in the
data, and this is useful when the data has sudden changes or discontinuity properties.

In contrast, the quadratic method can perform quadratic interpolation, which considers the
curvature of the data. It can be helpful when the data has a quadratic trend. And when the data
trend becomes more complex, methods such as cubic or nearest-neighbour interpolation are
also potential good choices. In practice, trying different interpolation methods and comparing
the results is often a good idea to determine which method works best for a particular dataset

and analysis.
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Figure 6.11: Example plot of resampling the multi-frequency signal data by interpolation.

Figure 6.11 demonstrates the cross-subsystem analysis capability between the
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accelerometer and the battery. Based on this data fusion approach, additional valuable data
mining explorations are feasible. For example, within this plot, when investigating the motor’s
majority operation conditions which has a low average current, some particular map areas could
be drawn to establish the normal operation library. Therefore, when some data samples fall
outside the normal area too much, the alarm could be triggered by the predefined threshold
principles. And another benefit is that the more effective sensor’ data integrated, the better the

future data-driven model could be trained.

6.4 LSTM based UAV performance degradation modelling and prediction.

Leveraging the extensive and rich dataset garnered from actual flight operations, the
potential of advanced deep learning algorithms to decipher hidden patterns within the intricate
temporal trends of sensor data is considerable. Monitoring the nuanced degradation of a
complex system like a UAV poses a substantially greater challenge than the detection of
outright system failures [125]. The subtlety of the system's health state deterioration,
characterized by incremental changes over time, is markedly less pronounced and therefore
more elusive than the binary nature of failure events. It requires a discerning approach to
distinguish these minor yet critical variations in performance.

To address this nuanced challenge, the Long Short-Term Memory (LSTM) autoencoder
algorithm has been developed and tailored by Azimi et al. [126] to model the gradual decline
in the UAV's functionality in a quantitative manner. The LSTM autoencoder is adept at
capturing the temporal dependencies and intricacies within sequential data, making it
particularly suitable for identifying the early signatures of wear and tear that precede a system's
failure. By encoding the complex sensor data into a lower-dimensional representation, the
LSTM autoencoder can effectively reconstruct the input data, allowing for the detection of
anomalies that signal degradation. This approach enables the proactive maintenance of the

UAV, ensuring operational integrity and extending the lifecycle of its critical components.
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6.4.1 Methods to enhance LSTM autoencoder performance.

Focusing on enhancing LSTM autoencoder performance for UAV health monitoring,
particularly through the analysis of flight test periods such as take-off, normal cruising flight,
and landing, leads to delving deeper into three pivotal methodologies: Attention Mechanisms,
Hyperparameter Tuning, and Regularization.

1. Attention Mechanisms:

Attention mechanisms allow the LSTM autoencoder to dynamically focus on specific
segments of the input sequence that are more crucial for the task at hand—such as the distinct
phases of a flight test [129]. This is particularly beneficial for understanding and monitoring
the UAV's health state, as it enables the model to allocate more processing power to the periods
with higher likelihoods of anomaly occurrence or significant operational stress.

Implementation: In the context of flight tests, an attention layer can be incorporated into
the LSTM autoencoder to weigh the input data differently. The mechanism assigns higher
weights to the data points corresponding to critical flight phases, such as take-off and landing,
where the propulsion system undergoes significant stress.

Equations: The attention scores (a;;) are calculated by comparing the relevance of each

input timestep to the current decoder timestep j to the current decoder timestep t, often using
a SoftMax function to normalize these scores.
Ay = ZTeXp (etj)
k=1 €xp (€tk) (6.13)
Ce = Z}T'=1 agjhy
Where c; represents the context vector for timestep t, incorporating information from the
most relevant parts of the input sequence.
2. Hyperparameter Tuning:
Hyperparameter tuning is crucial for optimizing the LSTM autoencoder's performance. It

involves adjusting parameters such as the number of LSTM layers, the number of units in each
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layer, learning rate, and batch size to improve the model's ability to generalize from training to
unseen data. Grid search, random search, and Bayesian optimization are popular methods for
hyperparameter tuning. Bayesian optimization, in particular, is efficient for LSTM
autoencoders as it balances exploration (testing new parameters) and exploitation (refining
parameters close to those already performing well).

Properly tuned hyperparameters can significantly enhance the model's sensitivity to
anomalies during different flight phases, improving both detection accuracy and computational
efficiency.

3. Regularization:

Regularization techniques are employed to prevent overfitting, ensuring that the LSTM
autoencoder generalizes well to new, unseen flight data.

Dropout: Introducing dropout layers randomly disables a fraction of the neurons during
training, which helps in making the network less sensitive to the specific weights of neurons
[130]. This is crucial for LSTM autoencoders as it promotes the learning of more robust
features that are invariant across different flight phases.

Lreg = /112 |W| +/122 W2 (614)

Where 1, and A,are the regularization strengths for L1 and L2 regularization, respectively.
Implementing these techniques thoughtfully will enable the LSTM autoencoder to not only
accurately model the UAV's operational health across various flight test periods but also to

generalize effectively to new flight data, enhancing the UAV's reliability and operational safety.

6.5 LSTM model development and prediction for the UAV performance
degradation

In this investigation, the instantaneous Pulse-Width Modulation (PWM) sensor readings for

the F450 drone's rotors from the log files were meticulously extracted. Each rotor was
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monitored through four distinct sensor readings, as delineated in Figure 6.12. The
chronological integration of the flight test data is depicted in Figure 6.13, wherein the dataset
was methodically partitioned for model training, validation, and testing phases. Specifically,
the first 72% of the dataset was allocated for training purposes, the subsequent 8% for model

validation, and the remaining 20% was reserved for the testing phase.

Drone Front

a Shape rotor naming

Figure 6.12: Experiment drone rotors’ naming.

63% training 7% 30% testing

validation
3% 3% 3%

Sequentially divided intol10
subgroups for the test error estimation

Figure 6.13: Overall data split set up for the model training and test.

Leveraging the advanced methodologies outlined in section 6.4, the LSTM autoencoder
model's learning efficacy is visually represented in Figure 6.14. This study innovatively
segmented the time series PWM sensor readings into 10 discrete subgroups, facilitating a
granular error estimation approach. The model's output, showcasing the actual versus predicted
sensor readings, is illustrated in Figure 6.15. Here, the Mean Absolute Error (MAE) in signal

reconstruction for each motor is graphically represented through error density plots, with each
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rotor's signal uniquely identified by colour and number.
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Figure 6.14: The loss curve plot of the LSTM model’s training and validation.
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Figure 6.15: LSTM model predicted individual rotor’s degraded value distribution and evolution over
the flight test time period (show case for subgroup 1, 2 and 10 as examples)
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The training of the deep learning model in this study was performed on a PC equipped with
a 12th Generation Intel® Core™ 19-12900 processor, operating at 2.4 GHz, complemented by
32 GB of RAM, and powered by an NVIDIA GeForce RTX 3060 graphics card. And each
training task will cost 4.5 days.

Furthermore, to elucidate the degradation patterns associated with each rotor, Normal
distribution models were implemented to fit the error values corresponding to rotor
degradation. Figure 6.15 also encapsulates the distribution curves, alongside their mean values
and standard deviations, offering a comparative analysis of each rotor's performance
deterioration. This detailed representation not only underscores the model's precision in
capturing the nuanced degradation signals across different rotors but also highlights the

potential of LSTM autoencoders in predictive maintenance and system reliability enhancement.

6.5.1 Performance Metric Evaluation

To evaluate the effectiveness of the LSTM autoencoder in predicting the Remaining Useful
Life (RUL) of UAV components, the following metrics were used: accuracy, precision, and
recall. These metrics ensured a comprehensive assessment of the model's performance across
both degradation detection and RUL estimation tasks.

e Accuracy measured the overall correctness of the model's predictions, calculated as
the ratio of correctly predicted values (both degradation and non-degradation states)
to the total number of predictions. The high accuracy achieved during validation
demonstrated the model's capability to generalize well across unseen datasets.

e Precision evaluated the proportion of true degradation events correctly identified by
the model to the total number of degradation events predicted. By minimizing false
positives, this metric ensured that maintenance interventions were triggered only for
legitimate degradation events, optimizing resource allocation.

e Recall assessed the proportion of true degradation events identified by the model to
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the total number of actual degradation events. High recall ensured that the model
captured all potential failure patterns, minimizing the risk of undetected failures and

ensuring operational safety.

6.5.2 Integration of Scalability and Performance Metrics

The proposed data-driven framework demonstrates significant scalability and adaptability
to different UAV configurations and propulsion systems. The LSTM autoencoder's modular
design allows it to generalize across varying datasets by focusing on universal features such as
PWM sensor readings. Scalability is further enhanced through transfer learning, where the
pretrained model can be fine-tuned for new UAV configurations with minimal retraining,
requiring adjustments only to the final layers. This process reduces computational overhead
while maintaining prediction accuracy. Additionally, the preprocessing pipeline, which
normalizes input data across UAV types, ensures consistent model performance despite
variations in sensor dynamics or operational conditions. These features make the framework
well-suited for practical deployment in diverse UAV platforms.

The model's scalability is directly supported by its robust performance across diverse
datasets. High precision ensures minimal false positives, while high recall guarantees that
critical degradation events are captured, regardless of the UAV configuration. By leveraging
transfer learning and dynamic error estimation, the framework can adapt to new UAV platforms
with minimal computational effort. These scalability and performance features combined
demonstrate the LSTM autoencoder's potential for practical deployment in predictive

maintenance across various UAV systems.

6.5.3 Overfitting Mitigation Strategies
Given the high dimensionality of sensor data from UAV flight logs, addressing overfitting

was a critical consideration during the development of the LSTM autoencoder model. The
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following mechanisms were implemented to ensure the model’s generalization capability and

robust performance across diverse datasets:

1.

Dropout layers were incorporated into the LSTM network during training. By
randomly deactivating neurons, dropout layers prevent the model from relying
excessively on specific weights, promoting generalization across unseen data. This
approach builds on the preprocessing pipeline outlined in Section 6.1.3, ensuring
high-quality inputs for the model.

L2 regularization penalized large weight values, effectively reducing model
complexity and mitigating the risk of overfitting. This technique complements the
dimensionality reduction methods described in Section 6.4.1, which condensed
high-dimensional sensor data into latent representations for efficient modelling.
Attention layers dynamically prioritized critical segments of the input sequence,
allowing the model to focus on high-impact data points, such as phases of flight
exhibiting notable stress or anomalies. This aligns with the degradation analysis
framework in Section 6.4.2, where attention mechanisms enhanced the
interpretability and accuracy of predictions by emphasizing meaningful features.
Grid search and Bayesian optimization were employed to fine-tune hyperparameters
such as the number of LSTM layers, learning rate, and batch size. These methods
ensured a balance between model complexity and predictive accuracy, aligning with
the optimization strategies outlined in Chapter 5, where experiments refined
parameters for UAV component reliability testing.

Preprocessing techniques were applied to normalize sensor data across various UAV
configurations, reducing noise and enhancing model generalization. This approach
mirrors the standardization processes detailed in Section 6.1.3, where preprocessing

addressed inconsistencies in sensor sampling rates and ensured data alignment.
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6. Validation loss was monitored during training to detect overfitting. Early stopping
was triggered when the model's performance on validation data plateaued or
degraded, ensuring the network did not over-optimize on the training dataset. This
strategy directly supports the reliability-focused model evaluation discussed in
Section 6.5.1, where metrics like precision and recall assessed the model’s ability
to generalize effectively.

These strategies collectively ensured the LSTM autoencoder model maintained high
predictive accuracy and reliability while minimizing overfitting. By leveraging these
techniques, the framework addresses the challenges of high-dimensional UAV flight data and
generalizes effectively to unseen scenarios. The connection between these strategies and the
empirical findings in Chapter 3 (Failure Modes and Effects Analysis) and Chapter 5 (Run-to-
Failure Experiments) reinforces their practical relevance in improving UAV performance

degradation modelling.

6.6 Implementation potential of the developed UAV degradation prediction
model

By leveraging data from an environment closely simulating real-world operational stresses,
the LSTM autoencoder model validated its degradation predictions. This methodology ensures
that the insights gained are not only theoretically robust but also practically relevant for UAV
fleet management.

In a detailed examination of the UAV's degradation patterns over its service time, the error
values derived from the 10 subgroups were meticulously plotted in Figure 6.16. Each data point
within this plot represents an aggregate sum of the degradation values across all four rotors,
providing a comprehensive view of the UAV's overall health status. To further elucidate the
UAV's degradation trajectory, a regression analysis was employed, skilfully fitting these

aggregated data points to a path curve. This curve not only delineates the UAV's degradation
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properties over time but also serves as a critical tool for understanding the system's behaviour.

The regression-fitted curve offers invaluable insights, particularly in retrospectively
analysing the UAV's early service stages. It highlights periods of minimal, yet significant,
degradation that are typically challenging to detect through conventional monitoring
techniques. This subtle degradation, although minor, can be pivotal in the early identification
of potential system failures, thereby enabling pre-emptive maintenance actions.

The mathematical expression of the UAV's degradation path, as captured by the fitted curve,
is articulated in Equation 6.15. This equation is a testament to the precision and robustness of
the regression method applied, showcasing its capability to model complex degradation
patterns effectively. Through this sophisticated analytical approach, the study presents a novel
methodology for tracing and quantifying the UAV's degradation, even when it manifests in the
most subtle forms. This advancement not only enhances the understanding of UAV health
monitoring but also significantly contributes to the development of more resilient and reliable

UAV systems.
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Figure 6.16: UAV degradation path regression and reverse prediction.

It could be estimated from the curve plot that the failure threshold value of the degradation
indicator derived from this study is around 0.3 which is an important output for the actual

application this deep learning model in the airworthiness.
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A regression function was derived from the fitted curve as the following:

_ 1641
y = 1+(—0.02%(x—546))

(6.15)

The analysis reveals that the model's output, serving as a degradation indicator, is derived
from signal data within a specified time window size. This implies that even a brief segment
of data samples, potentially just a few seconds' worth of PWM signals from the drone motors,
can be effectively utilized for estimating the degradation state when processed through the
trained LSTM model. This capability is visually demonstrated in Figure 6.7, where a succinct
record of PWM signals is sufficient to assess the current health state of the UAV.

Crucially, this approach enables the identification of early signs of degradation with
minimal data, underscoring the efficiency and sensitivity of the LSTM model in detecting
subtle changes in the system's performance. The concept of a 'Degradation Redundancy
Indicator' emerges as a pivotal metric in this context. It signifies the threshold beyond which
the system's degradation is considered significant enough to warrant attention. When the
indicator suggests that the degradation has not reached a critical level, an alert mechanism can
be triggered to inform the air traffic management controller, ensuring timely intervention.

The determination of the precise alarm trigger level is a nuanced process that requires a
balance between sensitivity (to avoid false alarms) and specificity (to ensure true degradation
signals are not missed). The setting of this trigger level, as suggested by the preliminary results,
demands further experimental study within the continuation of this project. Such investigations
will refine the alarm system, optimizing it for practical implementation, thereby enhancing

UAV operational safety and reliability through proactive health monitoring.
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Figure 6.17: Short term available data as input to estimate the health stage of a UAV.
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Figure 6.18: Long-term available data as input to estimate the RUL of a UAV
In scenarios where the volume of sensor data from a UAV is substantial, exemplified by a
dataset spanning flight durations between 15 and 50 hours as illustrated in Figure 6.18, the
approach delineated in section 6.5 can be adeptly applied to process this data. By following the
outlined methodology, new data points, depicted in blue in Figure 6.15, can be extracted. These
data points serve as a foundation for constructing a customized degradation path curve tailored

to the specific UAV under consideration. This curve, representing the UAV's degradation
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trajectory over time, intersects with a predefined degradation indicator threshold, set at 0.3 in
this instance, to yield a critical time length value, denoted as t,.

This intersection point is of paramount importance as it facilitates the estimation of the
UAV's Remaining Useful Life (RUL). By subtracting the current time length value, t;, which
in the given example is 50 hours, from t,, a quantified prediction of the UAV's RUL can be
obtained. This predictive metric is invaluable for operational planning and maintenance
scheduling, offering a proactive tool for managing UAV fleets more effectively.

Such an application of the developed model not only enhances the precision of maintenance
forecasts but also contributes to optimizing the lifespan and reliability of UAV systems. By
extending the utility of the model to encompass a broader dataset, stakeholders can derive
actionable insights into the UAV's operational health, ensuring that interventions are both

timely and based on robust data-driven evidence.

6.6.1 Method introduction

Building upon the foundational understanding of Long Short-Term Memory (LSTM)
networks, the LSTM autoencoder serves as an advanced architecture for modelling time series
data, particularly effective for the task of anomaly detection in systems such as UAVs [127].
Here's a more detailed dive into how the LSTM autoencoder operates on the principles of
LSTM:

LSTM Autoencoder Composition:

LSTM Layers: At the heart of the LSTM autoencoder are the LSTM layers, which are
structured to remember information for long periods. This is essential for capturing the
prolonged degradation patterns in UAVs that unfold over time.

Sequence to Sequence Model: The LSTM autoencoder is a sequence-to-sequence model,
meaning it takes a sequence as input and outputs a sequence. This is ideal for handling time

series data such as sensor readings from a UAV.
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Encoder:

The encoder compresses the input time series data into a fixed-size context vector. This
vector is a representation of the entire input sequence, containing the learned information that
is critical for reconstruction.

Decoder:

The decoder takes the context vector and generates an output sequence that aims to replicate
the input sequence. The success of this replication process is indicative of the model's
understanding of the normal operational patterns.

Training:

During training, the LSTM autoencoder learns to minimize the difference between the input
sequence and the output sequence, effectively teaching itself to ignore noise and focus on the
underlying pattern in the data.

Anomaly Detection:

Once trained on normal behaviour, the LSTM autoencoder can then be used to predict the
next sequence of sensor data. When the actual data deviates significantly from the predicted
sequence, it indicates a potential anomaly.

Mathematical Framework:

The mathematical framework of the LSTM autoencoder is based on the LSTM cell's ability
to add or remove information to the cell state, carefully regulated by structures called gates:

e Input Gate: Decides which values to update.

e Forget Gate: Decides what information should be thrown away from the block.

e Output Gate: Decides what the next hidden state should be.

The autoencoder's objective is to learn a function f(x) = x, where x is the input sequence,
and f (x) is the reconstructed sequence from the autoencoder.

Error Function and Optimization:

132



The difference between the input sequence and the reconstructed sequence ||x; — f(x;)]| is
computed and reduced through optimization algorithms like Adam or RMSprop, which are
well-suited for dealing with the vanishing and exploding gradient problems in LSTM networks
as shown by Abbasimehr et al. [128].

By integrating the LSTM's capabilities within an autoencoder framework, the LSTM
autoencoder becomes a potent tool for understanding and predicting the behaviour of complex

time series data, which is essential for the early detection of degradation in UAV systems.

6.7 Notable failure

The flight testing concluded with a critical failure around the 65-hour mark, resulting in a
crash. During this incident, the drone unexpectedly dipped, prompting the pilot to apply a
corrective Z thrust. Instead of a controlled ascent, the drone abruptly flew into the ceiling. This
major failure was systematically analysed using the flight log data.

The initial step involved examining the PWM inputs in relation to the accelerometer data,

as depicted in Figure 6.19.
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Figure 6.19: PWM vs Altitude Difference

The analysis revealed no significant anomalies in the PWM input data, indicating that PWM
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input errors could be largely ruled out as the cause of the failure.
Subsequently, the focus shifted to the barometer data, specifically comparing the input

values against the setpoint altitudes, as illustrated in Figure 6.20.
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Figure 6.20: Input vs Setpoint Altitude

It was observed that despite high thrust values, there was a notably low reading in
input_rc/02, prompting a detailed investigation into the hover thrust. A detailed analysis of

hover thrust relative to vehicle positions was conducted, as shown in Figure 6.21.
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The analysis indicated that despite no changes in thrust inputs, the drone experienced a

sudden decrease in altitude. This irregular behaviour necessitated a closer examination of the

hover thrust mechanism. The question arose as to why the drone abruptly lost altitude and then

increased without any changes in thrust input.

Further analysis was conducted to correlate Z input for hover thrust with the drone's actual

performance, as seen in Figure 6.22.
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Figure 6.22: Z positions against Hover thrust.

This investigation revealed a significant deviation between the hover thrust Z input and the
drone's real-world behaviour. This led to the identification of a communication signal error
affecting the transmission of Z thrust commands. Specifically, there was an approximately 2-
second delay between control inputs and the drone's responses, causing the erratic behaviour
observed during the crash.

The analysis of this flight log highlights the challenges in identifying failure data, especially
for non-obvious failures. It required approximately 5-6 man-hours to thoroughly analyse a
single flight log and determine the root cause of the failure. Such detailed manual analysis is
impractical on a large scale, particularly if UAVs are to operate daily in large numbers within
civil airspace.

This incident underscores the critical need for real-time error correction and redundancy in
UAV systems, particularly for drones that are commercially licensed for long-term flights.
Implementing robust real-time monitoring and fail-safe mechanisms is essential to ensure the
reliability and safety of UAV operations. This event highlights the absolute necessity of
advanced diagnostic tools and real-time analytics to detect and correct errors promptly, thereby

enhancing the overall safety and efficiency of UAV operations in civil airspace.
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6.8 Conclusion

This work fills important gaps in conventional degradation modelling approaches by
presenting a novel use of LSTM autoencoders for UAV health monitoring. The LSTM model
captures complex dependencies in sensor data, allowing for reliable and accurate predictions
of RUL, in contrast to traditional statistical or linear models, which frequently struggle with
non-linear and time-dependent degradation patterns.

The model uses instantaneous Pulse-Width Modulation (PWM) sensor readings to assess
the real-time degradation of UAV components. It utilizes a dataset that covers various flight
durations to encompass a wide range of operational conditions. The development process of
the model began with extracting sensor data from UAV log files, focusing on the PWM signals
of the drone motors. This data was then systematically divided into training, validation, and
testing sets, with a significant portion dedicated to training (72%) to ensure the model's
robustness. Advanced techniques, such as Attention Mechanisms, Hyperparameter Tuning, and
Regularization, were applied to enhance the model's ability to detect subtle degradation signals
across different flight phases.

The LSTM autoencoder model was effective in identifying degradation patterns. The model
output served as a degradation indicator based on segmented time window size signal data,
enabling the estimation of the UAV's health state even from brief data segments. The model's
predictive capability was demonstrated through the generation of a customized degradation
path curve. This curve intersected with a predefined degradation indicator threshold to estimate
the Remaining Useful Life (RUL) of the UAV. Key findings include the model's ability to
effectively use brief data samples to estimate UAV degradation, highlighting its sensitivity and
efficiency. The customized degradation path curve allowed for precise estimation of the UAV's
RUL, demonstrating the potential of deep learning models in predictive maintenance. The

chapter also emphasizes the significant contribution of the model to advancing predictive
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maintenance strategies, offering a proactive approach to UAV fleet management.

The development and application of the LSTM autoencoder model represent a significant
advancement in UAV health monitoring. By enabling early detection of system degradation
and accurate prediction of RUL, the model serves as a pivotal tool in enhancing the reliability,
safety, and operational efficiency of UAV systems. This chapter not only demonstrates the
model's technical prowess but also its practical implications, paving the way for future research

and application in the broader field of UAV health management.
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Chapter 7 Summary and future work

This chapter synthesizes the key contributions of the thesis, highlighting the advancements
made in UAV reliability evaluation and airworthiness certification methodologies. The
integration of statistical models, data-driven approaches, and experimental testing has enabled
a robust framework for analysing UAV propulsion systems and other critical components.

The findings demonstrate the utility of combining Failure Mode and Effects Analysis
(FMEA), Markov-chain modelling, and machine learning techniques to address reliability
challenges in UAV operations. These methodologies contribute to a deeper understanding of
failure mechanisms, enabling proactive maintenance and improved operational safety.

Looking forward, future work could expand upon this research by incorporating real-time
reliability monitoring systems and exploring emerging technologies in UAV design and
propulsion. Additionally, the methodologies developed here could be adapted for broader
applications, such as autonomous systems and other areas requiring stringent reliability
assessments. By building on the foundation laid in this thesis, the path toward safer and more

efficient UAV operations in complex airspace systems can be further refined.

7.1 Summary

This thesis has undertaken a comprehensive study of the reliability and airworthiness of
UAV propulsion systems to facilitate the licensing of UAV systems into Urban Airspace. The
research contributions and their implications are summarized as follows:

Chapter 1 discussed the importance of UAV dependability in relation to urban air mobility
(UAM). It made clear how crucial it is for UAV operations to be both safe and effective to meet
the growing demands of various industrial applications. The research goals and the plan for
accomplishing them were laid out in this chapter.

In Chapter 2, a comprehensive review of the literature was conducted to identify existing
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gaps in UAV reliability research. Both qualitative and quantitative approaches were reviewed,
such as FMEA, fault tree analysis, Weibull distribution, and Markov-chain techniques. The
chapter stressed the need for empirical data and sophisticated modelling techniques to improve
reliability assessments.

Chapter 3 provided a thorough Failure Modes and Effects Analysis (FMEA) of the UAV
propulsion system's components. The study identified critical failure modes and assessed their
likelihood and consequences, offering essential insights into the vulnerabilities of UAV
propulsion systems. Notably, motor failures account for approximately 45% of total UAV
failures. This analysis informed the design of experiments in Chapters 5 and 6 and facilitated
the analysis of any failures during testing.

Chapter 4 presented a novel Markov-chain modelling framework for evaluating UAV
controllability in the event of propulsion unit failures. This chapter illustrated how various
failure scenarios impact UAV control and stability. The probability of maintaining control
decreases exponentially with the number of simultaneous propulsion unit failures. The
Markov-chain model demonstrated that UAVs could sustain flight with up to two propulsion
unit failures but showed significant instability with three or more failures. The findings have
significant implications for designing fault-tolerant UAV systems and developing autonomous
recovery protocols to ensure safer operations in urban environments. Additionally, using real-
world variables like different payloads helps regulators better plan and certify UAVs for urban
airspace use.

Chapter 5 covered the design and execution of run-to-failure tests for UAV propulsion
systems. The empirical data produced by these experiments is essential for validating reliability
models. The mean time to failure (MTTF) for UAV motors was approximately 150 hours under
normal operating conditions. The chapter utilized various modelling techniques, such as

Weibull models and Artificial Neural Networks (ANNs), to analyse the gathered data and
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forecast health indices and component failures. The modelling efforts highlighted the
advantages and disadvantages of different strategies for capturing the patterns of UAV
component degradation.

Chapter 6 focused on the degradation modelling of UAV performance using Long Short-
Term Memory (LSTM) networks. The study developed predictive models for UAV component
degradation by analysing flight test data. The application of LSTM networks demonstrated the
potential of machine learning in forecasting UAV health, achieving an accuracy of 85% in
predicting the remaining useful life (RUL). This capability is crucial for proactive maintenance
and operational planning, reducing downtime by up to 30%.

Furthermore, in contrast to other studies in the field of UAV reliability, this thesis makes
noteworthy contributions. Here is a summary of these contributions and their significance:

e In contrast to conventional research, which frequently concentrates on discrete
methods, this study combines machine learning, Markov-chain modelling, and
FMEA to produce a cohesive framework for assessing UAV reliability. This all-
encompassing method improves safety and operational efficacy by enabling a more
nuanced evaluation of UAV performance across various configurations and
operational scenarios.

¢ Since many current models mainly rely on theoretical assumptions, a significant
limitation in UAV reliability studies is the absence of empirical data. Through run-
to-failure experiments and flight tests, this thesis fills that gap by producing vital
datasets that support model validation and the creation of data-driven maintenance
plans.

e By predicting motor failures with a 90% confidence interval using Weibull analysis,
wear-out processes are found to be the most common cause of failure. This study

also provides quantitative insights that were previously understudied in the field,

141



revealing that motor failures account for roughly 45% of all UAV failures.

e The use of degradation models based on LSTM represents a major advancement in
UAV health monitoring. With an accuracy of 85%, these models successfully
forecast component failures and Remaining Useful Life (RUL), allowing for prompt
maintenance interventions, and greatly lowering the risk of in-flight malfunctions—
a capability that was mainly lacking in earlier studies.

e The results of this study have applications in forming regulatory frameworks,
especially in the assessment of dependability and airworthiness. The safer
integration of UAVs into urban airspace is made possible by this study's resolution
of important reliability issues, which aids in the creation of certification standards.

In conclusion, this thesis has significantly advanced the field of UAV airworthiness and
reliability. Future research and practical applications can build on the methodologies and
findings presented to further improve the safety and effectiveness of UAV operations in urban

environments.

7.2 Future Work

In order to advance the research on UAV propulsion system reliability, several areas need
to be explored further. Some of these ideas, which can be expanded upon from this thesis, have
been listed below as well as some basic directions in which that research could progress.

1. Expansion of Failure Database:

The lack of an extensive failure database restricts the scope of the current research.
Subsequent research endeavours ought to concentrate on assembling comprehensive
failure data from diverse UAV models and operational settings. Improving reliability
models' robustness and accuracy will require this data.

2. Advanced Experimental Designs:

While the run-to-failure experiments carried out in this work offer valuable preliminary
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data, more advanced experimental configurations are required. To capture a wider
spectrum of failure modes and their impacts, future experiments should involve
different environmental conditions, different UAV configurations, and a wider range of
operational scenarios.

3. Real-Time Health Monitoring Systems:
An essential next step is to create real-time health monitoring systems that use sensor
data to anticipate failures and issue early warnings. With the addition of more data,
these systems ought to be able to learn adaptively and increase their prediction accuracy
over time.

4. Enhanced Controllability Studies:
The Markov-chain methodology applied in this research provides insights into UAV
controllability under failure conditions as well as considering the factor of Varying
Payloads. Future studies should explore considering other factors such as different
failure progression rates, and the integration of autonomous recovery protocols.

5. Cross-Disciplinary Research:
Cross-disciplinary research can greatly improve the airworthiness and reliability of
UAVs. To tackle the complex problems in UAV reliability assessment, cooperation with
specialists in materials science, aerodynamics, computer science, and regulatory affairs
will be crucial.

By addressing these areas, future research can build on the foundational work presented in

this thesis, contributing to the development of more reliable, safe, and efficient UAV systems

for urban air mobility and other critical applications.
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