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Abstract

The continued operation and reliability of critical systems like railways hinge upon effective
maintenance practices. Various issues, ranging from missing fasteners and deformed track ge-
ometry to structural health insufficiencies and overgrown vegetation, can significantly impact
system performance and lead to non-negligible downtimes. Traditional inspection meth-
ods, such as foot patrols, trolleys, and measurement vehicles, are comprehensive but often
resource-intensive, time-consuming, and disruptive to routine traffic.

This research proposes a paradigm shift by exploring the application of autonomously op-
erated Unmanned Aerial Vehicles (UAVs) for detecting issues requiring maintenance in rail-
way systems. While UAVs have proven successful in other industries like bridge maintenance
and building inspection, their application in railway systems spanning long distances remains
largely unexplored. The investigation specifically focuses on inexpensive and agile UAVs op-
erating autonomously, a pioneering approach in the railway maintenance domain.

The aim of this research is to identify application-based improvements and develop solu-
tions enabled by autonomous UAVs for detecting maintenance needs. By leveraging tech-
nologies such as computer vision and machine learning, the project involves designing and
implementing an autonomous UAV system, integrating the required sensors, developing
novel and efficient algorithms for performing autonomous navigation and maintenance
needs detection from data gathered onboard the UAV, and bridging any simulation to reality
gap that may exist in the solution stack.

The outcomes of this research includes a framework for autonomous UAV navigation
along railway corridors, plus techniques for performing maintenance needs detection using
data gathered from the UAV itself, reducing the time and personnel manpower required for
comprehensive inspections. This innovative approach not only aligns with current trends
in engineering but also addresses a pressing challenge in railway maintenance. It is expected
to impact society by minimising train service downtime, reducing costs, and enhancing the
reliability, safety, and efficiency of both maintenance and operation of railway systems. At a
more fundamental level, the contributions of this work include a hackable UAV simulation
software named PyFlyt; Critic Confidence Guided Exploration — a reinforcement learning
algorithm for allowing agents to bootstrap off oracle policies instead of learning from scratch;
and algorithms and insights for performing anomaly detection from image data for railway
systems.
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1 Introduction

1.1 Motivation

Critical systems such as railways must remain continuously operational, for which continued
maintenance is paramount. Maintenance issues including missing fasteners, deformed track
geometry, subgrade/ballast instabilities, structural health insufficiencies, obstructions and
overgrown vegetation will cause slowdowns to these systems, which lead to non-negligible
downtimes due to the level of interconnectedness at hand [Alrahman and Adham, 2024].

The traditional inspection method involves foot patrols or trolleys, although more modern
techniques include the use of measurement vehicles [Gong et al., 2022]. These techniques
can be comprehensive and accurate at the expense of significant manpower, time, and inter-
ruption of routine traffic.

The use of drones, also known as Unmanned Aerial Vehicles (UAVs), to identify mainte-
nance needs is a technique that has seen successful deployment by many other industries such
as bridge maintenance and building inspection [Chen et al., 2019b, Liu et al., 2021, Mader
et al., 2016]. However, the use of such technologies for systems spanning long distances such
as railways has not yet seen widespread use [Maghazei and Steinmann, 2020]. More crucially,
the use of UAVs working autonomously has not been explored to a large extent in a tradition-
ally risk-averse industry such as railways. In this work on Chapter 2.1.1, we estimated that
the cost of monitoring the UK’s railway network for issues related to maintenance costs any-
where from £19 million to £320 million. Being able to save even a small percentage of this
value with investment in UAV technologies is likely to produce a significant return on in-
vestment. This project will therefore investigate the possibilities for autonomous UAVs to be
used in the field of detecting maintenance needs for railway systems.

1.2 Aim andObjectives

The aim of the project is to:

Remove barriers to the successful deployment of
UAV systems for detecting maintenance needs on railway tracks

The objectives of the project are as follows:

1. To explore avenues where maintenance issues monitoring can benefit from UAV pow-
ered technologies.
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2. To explore new algorithms for allowing UAVs to fly along railway tracks, testing these
algorithms in simulation and the real world.

3. To develop vision-based algorithms for informing decision makers on maintenance
points along the railway based on autonomously estimated track condition.

1.3 ResearchQuestions

1. What current practices are being used to detect maintenance issues along rail-
way tracks and is there a gap that can be addressed with AI-powered technolo-
gies?
I aim to understand the current state of maintenance needs monitoring along railway
tracks. Building on this, I aim to evaluate the tangible benefits of using UAVs for main-
tenance monitoring. This aligns with objective 1.

2. Are machine learning methods for obstacle avoidance and navigation feasible
to be used for navigating UAVs through railway corridors?
Modern UAV obstacle avoidance and navigation often rely on heuristic or hardcoded
methods. I aim to explore whether machine learning techniques can be used instead,
particularly for navigating railway corridors, while addressing the challenges of apply-
ing machine learning algorithms to real-world autonomous UAV flight. This aligns
with objective 2.

3. What current practices are being used to detect maintenance issues along rail-
way tracks and what existing gaps can be addressed using AI-enabled UAV
technologies?
Railway systems are complex electromechanical networks with numerous mainte-
nance needs. I aim to identify which of these can be reliably detected using UAVs and
what are the barriers limiting their broader use. This addresses objectives 1 and 3.

4. What challenges present themselves when trying to perform maintenance
monitoring on railways using machine learning from data gathered aboard a
UAV and how can they be solved?
Knowing the maintenance needs that can be detected by a UAV-based system, I seek to
understand the unique challenges associated with detecting these issues from a UAV. I
also aim to develop techniques that make meaningful impact in addressing those chal-
lenges in this work. This research question addresses objective 3.

1.4 Thesis Structure

This thesis contains four primary chapters plus a concluding chapter and an appendix, this
chapter is the first of those — the introduction.

2
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Literature Review The literature review, chapter 2 on page 5, provides the required
background for understanding the proceeding chapters of this thesis. In particular, it covers
various techniques for performing autonomous UAV flight and past works using those tech-
niques on tasks similar to flight along a railway. It also covers the preliminaries of computer
vision and reinforcement learning — two paradigms that will be extensively studied in this
thesis. The literature review also covers current techniques for the detection of maintenance
needs on railways, as well as existing works detecting maintenance needs along various infras-
tructure, potentially using a UAV. The point of the review is to both present the state of the
art and also show that there is a gap in current knowledge that this work aims to address.

Contribution Chapters This thesis contains two central contribution chapters. The
chapter covering autonomous UAV flight along a railway is chapter 3 on page 51. Here, I in-
troduce PyFlyt in section 3.4 on page 55 — an open-source contribution of a UAV simulation
engine for reinforcement learning research — and its use in developing a simulated railway
environment for UAVs flight in section 3.5 on page 68. Then, I introduce a novel Reinforce-
ment Learning (RL) algorithm termed Critic Confidence Guided Exploration (CCGE) in
section 3.6 on page 72 and demonstrate its use in the simulated railway environment in sec-
tion 3.7 on page 88. I demonstrate how to utilise an image segmentation model to perform
simulation-to-reality transfer in section 3.8 on page 91 and finally show results of real world
deployment in section 3.9 on page 96.

The second work chapter is chapter 4 on page 101, where I describe the work done on the
detection of maintenance needs on railways. This chapter starts with section 4.3 on page 102
introducing the various datasets that were leveraged, including those gathered during this
work. It is followed by section 4.4 on page 106 documenting the detection of maintenance
issues on railways using clean images with ideal viewpoints and angles. I also explore per-
forming anomaly detection on railways using uncertainty quantification in section 4.5 on
page 116, showing that existing techniques do not work on the high diversity data gathered
from UAVs which comprises many viewpoints, lighting conditions, and background settings
when gathered in the low data regime (< 10,000 images). This motivates the development of
a new algorithm termed Anomaly Detection by Reconstructing Labels (ADeReL), which I
present in section 4.6 on page 129. ADeReL’s performance is still less than optimal, which I
conclude in section 4.7 on page 133 by providing insights to future research in this direction.

1.5 PublishedWork

Publications derived from this work are as follows:

• Tai, J.J., Innocente, M.S. and Mehmood, O., 2021, September. FasteNet: a fast rail-
way fastener detector. In Proceedings of Sixth International Congress on Information
and Communication Technology: ICICT 2021, London, Volume 1 (pp. 767-777).
Singapore: Springer Singapore.
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• Tai, J.J., Terry, J.K., Innocente, M.S., Brusey, J. and Horri, N., 2022. Some supervision
required: Incorporating oracle policies in reinforcement learning via epistemic uncer-
tainty metrics. arXiv preprint arXiv:2208.10533.

• Tai, J.J., Wong, J., Innocente, M., Horri, N., Brusey, J. and Phang, S.K., 2023. PyFlyt–
UAV Simulation Environments for Reinforcement Learning Research. arXiv preprint
arXiv:2304.01305.
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2 Literature Review

The work in this thesis focuses primarily on concepts and ideas in railway maintenance and
deep learning. This section serves to first introduce the reader to the various concepts used
in these fields, setting the foundation for the subsequent chapters of this thesis. Then, the
preliminaries and related works of the proceeding chapters are covered. These are topics re-
volving around UAV navigation and the detection of maintenance needs along railways.

2.1 Background

Artificial Intelligence (AI) is the capability of a computer system to mimic human cognitive
functions such as learning and problem-solving. Machine Learning is a subfield of AI that fo-
cuses on developing algorithms and models that allow computers to learn from data and make
predictions or decisions. The central idea behind machine learning is to build mathematical
models that can learn patterns and relationships from data and generalize those learnings to
unseen data. These techniques have found applications in a wide range of domains, includ-
ing image recognition, natural language processing, speech recognition, and autonomous sys-
tems.

The use of AI has seen proliferation in many fields. One up and coming field for it is in
maintenance. Maintenance is a crucial activitiy in industry, with significant impact on a com-
pany’s ability to maintain low costs, high performance and quality. Unplanned downtime of
equipment can potentially lead to significant financial penalties and reputation loss. In some
cases, maintenance plays a highly non-trivial role in a company’s core business and high em-
phasis is placed on the drive for well-implemented and efficient maintenance strategies. For
instance, the operation and maintenance costs for offshore wind turbines account for 20%
to 35% of total revenue from electricity generated [Gong and Qiao, 2014]. In the oil and gas
industry, 15% to 70% of total production costs is typically attributed to maintenance expen-
diture [Bevilacqua and Braglia, 2000]. Given the growing amount of available industrial data
and the unprecedented speed of developments in AI, the space of possible applications spans
all permutations of architecture, maintenance type, and field of industry.

2.1.1 RailwayMaintenance

Railway systems form the backbone of modern transportation networks, ensuring the effi-
cient movement of goods and passengers. As these systems play a critical role in global con-
nectivity, ensuring their reliability, safety, and sustainability becomes paramount. Railway
maintenance emerges as a key aspect in achieving these objectives, encompassing a range of
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activities aimed at preserving and enhancing the infrastructure’s operational integrity. More
formally, railway maintenance is defined as the upkeep and management of railway assets by
identifying where and what requires recuperative work. Traditionally, maintenance practices
relied on scheduled inspections and routine interventions, often resulting in inefficiencies
and unforeseen disruptions. This is known as preventive maintenance. In recent years, ad-
vancements in sensor technologies, data analytics, and machine learning have ushered in a
new era of proactive and data-driven maintenance strategies.

Network Rail, the owner and infrastructure manager of most of the railway network in
Great Britain, spent £13.1 billion operating, maintaining, renewing, and enhancing the na-
tional rail infrastructure in the year ended 31 March 2022. Of this amount, approximately
£1.9 billion was spent on maintenance alone [Office of Rail and Road, 2022]. While the ex-
act amount spent on monitoring tasks is not published, we can make certain educated guesses
at this amount by observing adjacent fields of mass infrastructure systems. Some industries,
such as aviation, nuclear power, and oil and gas, may allocate a significant portion of their
maintenance budget to inspection and monitoring due to the critical nature of their equip-
ment and the potential consequences of failure, relying mostly on preventive and predictive
maintenance techniques. The International Air Transport Association [2021] estimates that
approximately 16.8% of all maintenance costs are associated with inspection and monitor-
ing. On the other hand, industries with less critical equipment or those relying on reactive
maintenance approaches might allocate a smaller percentage of their maintenance budget
to inspection and monitoring, focusing more on corrective maintenance when issues arise.
If we assume that the minimum amount required for maintenance monitoring costs is 1%,
then a fair estimate for railway maintenance monitoring in the United Kingdom is anywhere
from £19 million to £320 million. Being able to save even a small percentage with minimal
investment and overhead is likely to produce a significant gain.

Current Maintenance Monitoring Techniques Knowing the rough costs asso-
ciated with maintenance needs monitoring, various commonplace maintenance monitoring
methods done in the United Kingdom are now introduced. Some of the most prevalent
methods of finding impending maintenance issues is through Track Geometry Measurement
Systems (TGMS), which measure parameters such as track alignment and curvature, helping
identify potential issues with track geometry [Farkas, 2020]. In addition, Wheel Impact Load
Detectors (WILD) monitor the impact loads on train wheels, helping detect anomalies and
issues that may affect the track or rolling stock [Stratman et al., 2007]. This is used in con-
junction with vibration analysis monitoring of rail components to detect abnormalities and
predict potential failures. Internal defects in homogenous material components such as rail-
ways can be detected using non-destructive ultrasonic and eddy current testing by ground
crew [Bombarda et al., 2021, Thomas et al., 2007]. Satellite imaging is also often used for
providing a broader perspective for monitoring large sections of rail networks, especially for
monitoring vegetation encrouchment [Chang et al., 2016, 2014]. This is lately facilitated by
manually piloted UAVs [Rahman and Mammeri, 2021]. Strain gauges and accelerometers
are placed on rail tracks or components to measure strain, stress, and vibrations, providing
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insights into the structural health [Castillo-Mingorance et al., 2020]. Thermal sensors are
used in strategic areas to detect temperature variations that may indicate problems with com-
ponents like bearings or electrical systems [Falamarzi et al., 2019]. Finally, cameras are often
mounted on moving railway vehicles for visual inspections of tracks, switches, and other in-
frastructure [Balouchi et al., 2021]. This is accompanied by physical inspection by ground
crew on scheduled maintenance walks.

Maintenance Types Nomenclature and definitions tend to vary across literature, but
the general consensus is that there are three degrees of maintenance proactiveness: Corrective
Maintenance, Preventive Maintenance and Predictive Maintenance [Gackowiec, 2019].

• Corrective Maintenance refers to the idea of replacing broken components or per-
forming maintenance only when something breaks. This form of maintenance re-
quires defects due to broken equipment to be identified on the system. The retroactive
term for this is simply repairs. This model of maintenance has several benefits, namely
the reduced requirement to be on top of equipment condition. However, this form
of maintenance can lead to severe equipment downtime, catastrophic failure, or even
loss of life1, especially when replacement equipment is not available or restorative ac-
tion takes a considerable amount of time.

• Preventive Maintenance is the most common form of maintenance, wherein the
equipment or component is replaced or restored well in advance of the actual equip-
ment failures. The most common technique of preventive maintenance is to perform
maintenance periodically, also known as periodic maintenance. This form of main-
tenance typically does not require any form of system monitoring. By doing preven-
tive maintenance, system downtime from equipment failure is avoided, and instead
replaced by the amount of time it takes to perform the replacement or restoration of
the component. The downsides to preventive maintenance is simply the requirement
to formulate schedules for the component. When extrapolated to entire systems, this
can lead to elaborate schedules for all core components of a system.

• Predictive Maintenance attempts to forecast when a particular asset is going to fail,
before replacing it right before the expected failure time. This maximizes the equip-
ment Mean Time Before Failure (MTBF), which is the expected working lifespan of an
equipment across various life cycles. The predominant method of performing Predic-
tive Maintenance (PdM) is by having instrumenting with sensors to predict the state
of health based on auxiliary measurements such as equipment temperature or overall
system load. Thus, predictive maintenance typically requires extensive amounts of sys-
tem monitoring in order to assess the structural health of each component. This form
of maintenance aims to minimise total system downtime by lengthening the amount
of time between maintenance cycles as a consequence of longer component working

1https://en.wikipedia.org/wiki/Granville_rail_disaster
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Figure 2.1: Visualization of various components essential to a railway track.

lifespan. The core barrier of entry to widespread adoption of PdM is the high up-
front cost. Sensored equipment generally costs more than non-sensored equipment,
and further require accurate models that can evaluate the state of health of a particular
equipment based on sensor readings. In some cases, a large amount of sensor data must
be processed live to evaluate equipment health. For instance, the Boeing 737 generates
20 TB of data per engine per hour of flight [Chen et al., 2016a]. To that end, fairly so-
phisticated data processing algorithms are required in order to make use of all the data
to give an accurate analysis of engine health. Such an application requires substantial
upfront cost, and has to be engineered in from the start of overall engine design. Such
costs are only justified for systems at scale.

RailwayMaintenance Requirements Various components of the railway track are
illustrated in figure 2.1. Broadly speaking, maintenance needs of railway tracks can be clas-
sified into intrinsic and extrinsic needs. Intrinsic needs refers to maintenance requirements
induced by railway track components, such as structural defects and track geometry defects
[Sharma et al., 2018]. Structural defects refers to defects caused by the deterioration of rail
track components. These include:

• track bed settlement leading to missing or insufficient ballast,

• broken or missing fasteners.

• cracked sleepers,

• rail head or foot deterioration/corrosion,

• rail fractures,

• tunnel defects — any defects in tunnels that trains travel in.
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On the other hand, track geometry defects are defects that involve deviation of the railway
geometry away from the intended geometric parameters. These include:

• rail misalignment, including gauge spread, rail twist, rail canter defects, and cross-level
irregularities,

• void sleepers caused by missing or insufficient ballast.

Conversely, extrinsic needs refer to the kinds induced by external factors, such as leaf fall
coverage and vegetation encroachment. It also includes unpredictable anomalies that occur
which are outside the control of railway track design, such as vandalism or natural disasters.

One notes easily that, based on the defects listed, a majority of railway maintenance needs
arise from defects that occur spontaneously, where components fail abruptly without clear
warning signs (e.g. fasteners do not degrade gracefully, sleepers don’t crack slowly). This is
in contrast to the maintenance needs of, for example, aircraft engines [Khan et al., 2021],
where components exhibit gradual degradation and provide indicators for maintenance tim-
ing (e.g. engine oil replacement depends on concentration of impurities in the liquid, air filter
replacement depends on air flow rate efficiency, bearing replacement depends on axial play).

2.1.2 Deep Learning

Deep Learning is a subset of machine learning that focuses on using artificial neural networks
to model and solve complex problems. The recipe of deep learning generally consists of gath-
ering a dataset that aligns to the goal at hand, defining a suitable loss function, implementing
an expressive function approximator such as a neural network with more than two layers, and
then optimize the function approximator to minimize the loss function via gradient descent
on the dataset. This paradigm allows for many problems to be reduced from finding the right
algorithm for the task to finding the right network architecture, dataset and loss function.
Through selection of appropriate network architectures, loss functions and datasets, various
complex tasks such as natural language [Brown et al., 2020], image generation [Rombach
et al., 2021] and speech processing [Radford et al., 2023] can be solved.

Supervised Learning Supervised Learning is a branch of machine learning where the
algorithm learns from labeled examples. In this setting, a dataset consisting of inputs X =
{x1,x2, ...xn} mapped to outputs Y = {y1,y2, ...yn} is provided to the algorithm, and
it learns to map inputs to corresponding outputs by minimizing a predefined loss function.
There are many variants of loss function, each suited to a different task, some examples in-
clude mean squared error for continuous valued outputs L = ||ŷ − y||2/dim(y) or binary
cross entropy for binary outputs L = ||ŷ − y||2/dim(y), where dim(y) represents the di-
mensionality of y.

Unsupervised Learning Unsupervised Learning is another category of machine learn-
ing where the algorithm learns from unlabeled data. This means that only a dataset of
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X = {x1,x2, ...xn} is provided. In this case, the algorithm aims to discover hidden pat-
terns, structures, or relationships within the data. One example of this is by tasking the model
with reducing the dimensionality of the input x to form a new state y, and then perform-
ing clustering techniques, whereby similar inputs in X are placed closed together in the Y
space. An alternative form of unsupervised learning is input denoising, where a model f is
trained to reverse a noising process on the input f : x + ϵ → x. Unsupervised learning is
used extensively in the field of predictive maintenance, where a deep learning model is used
to perform representation learning on data gathered from equipment under normal oper-
ating conditions. This representation is then used to inform of potential equipment failure
or time-to-failure as a result of sensor readings outside of the normal range [Carvalho et al.,
2019]. The benefit of unsupervised learning over supervised learning is there is no need for a
labelled dataset during learning, making data gathering significantly easier.

Reinforcement Learning Reinforcement Learning (RL) is a form of learning in
which a model, also known as an agent, is trained to map observations st of an environment
into outputs at that enable it to take actions that influence the environment. In turn, the
agent alters the state of the environment, causing it to observe a new state st+1 and receive a
reward rt for its actions. Learning in reinforcement learning is underpinned by the objective
of maximizing the cumulative rewards over time, thereby enabling the agent to learn from
its experiences by understanding the consequences of its actions through a trial-and-error ap-
proach. This method facilitates the development of sophisticated decision-making strategies
through user-defined reward systems. Given the extensive use of RL in this work, this field
of deep learning is elaborated in greater detail in section 2.3 on page 23.

2.1.3 Deep Learning Architectures

The design of neural networks can be likened to building LEGO®; there are various foun-
dational input-output blocks that may function for limited tasks standalone, but the magic
of neural network architectures is by clever composition of various neural network building
blocks into a single model. Here, we introduce several of the most important blocks serving
as a waypoint for architectures that will be used in this work.

Multilayer Perceptron The Multilayer Perceptron (MLP) is a fundamental neural
network architecture. It’s basic unit starts with a linear layer followed by a non-linear ac-
tivation function (a.k.a perceptron) f1(x) = g(Ax + b) where the input is x ∈ Rn0 ,
A ∈ Rn1×n0 and b ∈ R are learnable parameters, and g is an element wise non-linear
function. Some options for g include the Rectified Linear Unit (ReLU) or tanh function.
A full MLP is simply multiple layers of f, e.g. fn(...f3(f2(f1(x))))). Hornik et al. [1989]
has shown very early on that an infinitely stacked MLP is essentially a universal function ap-
proximator. The simplified explanation of a neural network is a function for approximating
highly complex nonlinear functions.
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Convolutional Neural Network The Convolutional Neural Network CNN is a
class of networks designed to mimic the visual processing in the human brain [Fukushima,
1980]. They function by convolving a series of n filter kernels h ∈ Rc×m1×m2 over the in-
put image x ∈ Rc×h×w to produce a series of feature maps ŷ ∈ Rn×(h−m1−1)×(w−m2−1)

denoting how strongly a local patch of the input matches with the pattern in the kernels.
This operation allows networks to capture spatially invariant local patterns in the input data.
A bias is normally then added to the output feature map before the result is passed through
an element-wise non-linear function, similar to those used in MLPs. By itself, a single con-
volutional layer cannot accomplish much beyond matching patterns in the image to those
represented in the kernels. However, naively stacking several layers of convolutional layers on
top of each other results in a model with enough representational power to beat humans at
image recognition [Krizhevsky et al., 2012]. This works by allowing the network to capture
different image patterns and features at various scales, enabling the network to automatically
extract relevant information from the input images.

Various augmentations on top of the vanilla CNN architecture are possible, the most basic
is to implement any sort of pooling operation in between the layers to reduce the computa-
tional cost of each subsequent layer. Other augmentations include using residual connec-
tions, where the input of a layer is added to its output before being passed on to the next layer
[He et al., 2016]. The de facto pure convolutional architecture for computer vision tasks is
now the U-Net [Ronneberger et al., 2015], first designed for biomedical imaging where the
residual connections visualized as a block diagram resembles a U pattern, where the last layer
incorporates information from the first layer, the second last layer from the second layer, the
third last layer from the third layer, and so on.

Recurrent Networks Recurrent Neural Networks (RNNs) are a type of neural net-
work architecture specifically designed to handle sequential or time-dependent data. The
base concept of the RNN is for a portion of the output, known as the hidden state h∗, to be
fed back into the input at the next time step, [y,h1] = f(x0,h0). This hidden state acts as
a memory, enabling the network to maintain information about the past and use it to make
predictions or decisions in the current time step.

RNNs are optimized using Back Propagation Through Time (BPTT). This introduces
the vanishing and exploding gradients problem, where for long sequences, the gradients can
diminish or explode as they backpropagate through time, leading to difficulties in learning
long-term dependencies. To address this issue, more advanced variants of RNNs, such as the
Long Short Term Memory (LSTM) and Gated Recurrent Units (GRUs), have been intro-
duced.

While these models addressed the learning instability, two major drawbacks of recurrent
models are the fixed memory size and autoregressive nature. Recurrent networks only have
a memory size as large as the dimensionality of the hidden state h. This is an issue for long
sequences because it forces the model to forget potentially important information from the
beginning of the sequence. In addition, when presented with a sequence of inputs to process,
recurrent models must process one token of the input sequence at a time, limiting processing
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speed. This is in contrast to traditional deep learning models, where the entirety of the input
is processed at once in parallel.

Self AttentionMechanism The self attention mechanism Vaswani et al. [2017], also
known as the Transformer architecture, is arguably the most researched model at the time
of writing. It introduces a mechanism that allows the model to focus on different parts of
the input sequence while processing it. The gist of the self attention is that an n-long in-
put sequence x ∈ Rn×m is converted into a query, key, and value v matrix q,k,v ∈
Rn×p. Then, a weighted attention operation is done to produce a new output sequence
ŷ = g(q × kT/

√
p) × v, where g is a softmax in the dimension of p and ŷ ∈ Rn×p.

It can easily be seen that the output ŷ is formulated by allowing every part of the input se-
quence to attend to every other part via the internal matrix multiplication q × kT . The
output sequence can then be transformed in any differentiable manner suitable for the task,
such as simply taking the average if a single vector is required. Unlike traditional recurrent
approaches, the self-attention mechanism can capture global dependencies in the input se-
quence in a single parallel operation, making it more efficient for long-range dependencies.
The downside to self attention is the high memory complexity, which scales quadratically to
the size of the input. This contrasts with recurrent models where memory complexity scales
linearly with input size during training and is constant during inference.
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2.2 UAVAutonomous Navigation

UAVs are predominantly recognized as flying robots which are capable of carrying a plethora
of sensors. UAV navigation is seen as a process in which these flying robots take actions,
possibly according to a plan, that allows it to safely achieve an intended goal. This goal may
be to reach a specified target location, or in the case of autonomous remote sensing [Pajares,
2015], reach a series of locations in order to achieve some underlying goal such as total area
coverage by a camera.

2.2.1 Sensors for UAVNavigation

UAVs rely on a variety of sensors for navigation by maintaining comprehensive awareness of
their states. These states include crucial factors such as location, navigation speed, heading
direction, observable obstacles, starting point, and target location. The integration of accu-
rate and reliable sensor data is imperative for efficient route planning and safe maneuvering
within the dynamic and unpredictable environment that UAVs often operate in.

One category of sensors mandatory UAV operation is inertial sensors. Inertial sensors are
ego-mounted sensors that allow the UAV to perceive changes in velocity and orientation.
These sensors are commonly referred to under the unified term of Inertial Measurement Unit
(IMU), and typically consists of an accelerometer and gyroscopes to measure vehicle acceler-
ation and angular velocity, allowing for the estimation of position over time [Phang et al.,
2014, 2012]. However, inertial sensors are susceptible to drift errors, accumulating inaccu-
racies over extended durations. To address this limitation, research has focused on sensor
fusion techniques, combining inertial data with other sensor modalities to enhance accuracy
and mitigate drift [Li et al., 2017].

Satellite-based navigation, particularly Global Navigation Satellite Systems (GNSS) like
GPS, is another pivotal component of UAV navigation systems. GNSS provides global cov-
erage and reasonable accuracy in open-sky environments (3̃0 cm), enabling precise position
fixes. However, GNSS signals may be compromised or completely unavailable in urban
canyons, dense foliage, or indoor environments [Cui et al., 2015, Wang et al., 2014]. As such,
supplementary navigation methods become essential in scenarios where satellite signals are
unreliable.

Vision-based navigation via onboard cameras represents a promising avenue for UAV
navigation, leveraging cameras and computer vision algorithms to interpret the surround-
ings. This approach enables real-time obstacle detection, terrain mapping, and localization
through visual landmarks [Zhang et al., 2018, Chen et al., 2016b, Phang et al., 2010]. De-
spite its prevalence, vision-based systems may face challenges in adverse weather conditions,
low-light environments, or scenarios with limited visual cues.

Other commonly used sensors in UAVs include Light Distance and Ranging (LiDaR)
and Radio-Frequency Distance and Ranging (RaDaR) systems. LiDAR, which stands for
Light Detection and Ranging, uses laser light to measure distances and create detailed, high-
resolution maps of the environment. LiDaR is particularly effective for terrain mapping,
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obstacle avoidance, and accurate altitude control, making it valuable for both navigation and
surveying applications in various environmental conditions [Lin et al., 2019b, Wallace et al.,
2012].

RaDaR, or Radio Detection and Ranging, is another sensor commonly employed in
UAVs. RaDaR systems use radio waves to detect the presence and location of objects in the
environment. They are useful in scenarios where visual or laser-based sensors may face limi-
tations, such as in adverse weather conditions or situations with dust or smoke [Mullen and
Contarino, 2000, Abushakra et al., 2021].

Complementary to these sensors, barometric altimeters are often integrated into UAVs to
provide altitude information based on atmospheric pressure. While not as precise as other
altitude sensors, barometric altimeters offer a supplementary means of altitude estimation,
especially in scenarios where GPS or LiDaR may face challenges.

In practice, UAV navigation systems typically utilize a combinations of sensors to enhance
accuracy, reliability, and robustness in diverse operational environments in a process known
as sensor fusion. The selection and integration of these sensors depend on the specific re-
quirements and challenges of the UAV mission, ensuring adaptability and effectiveness across
various scenarios. For instance, the barometric sensor is often paired with the onboard IMU
to gain a better estimate of the UAV’s angular state. In other cases, laser range finders can be
used with monocular vision cameras to produce a pseudo-depth map [Wang et al., 2013].

2.2.2 Path Planning vs. Obstacle Avoidance andNavigation

UAV navigation involves robots planning a safe and efficient route to a target location based
on the current environment. This field can be broadly classified into several fronts:

• Path Planning involves the determination of an optimal or feasible route for a robot
or vehicle to reach its destination, considering factors such as terrain, distance, and
potential obstacles. It focuses on finding the most efficient way to navigate from point
A to point B.

• Obstacle Avoidance and Navigation deals with real-time decision-making during
the execution of the planned path. This involves dynamically adapting to unforeseen
obstacles or changing environmental conditions.

Both are two distinct yet interconnected concepts in the field of robotics and autonomous
systems. While path planning sets the route, obstacle avoidance and navigation enable the sys-
tem to respond to dynamic challenges in real-time, ensuring safe and effective movement by
adjusting the trajectory based on sensor input and environmental changes. Together, these
concepts play a crucial role in enabling autonomous systems to navigate complex and dy-
namic environments. In the context of this thesis, we focus on the task of obstacle avoidance
and navigation. The premise of this decision is that, for well defined systems such as railways,
there is minimal requirement for path planning to occur as railway corridors are very well
defined.
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2.2.3 Heuristic Techniques for UAVAutonomous Navigation

The paradigm of UAV navigation can be extended to the overarching realm of robotics un-
der mild assumptions, and autonomous navigation has been a long standing field in robotics
research. These assumptions include similar environment principles of observability with
comparable sensor regimes, physical environment predictability, limited computational re-
source, and three dimensional mobility characteristics. Prior to deep learning, autonomous
navigation has been predominantly handled using heuristic methods. Heuristic methods in
autonomous navigation refer to algorithms that rely on predefined rules and deterministic
operations rather than learning from data. These methods have been historically preferred
due to their simplicity, transparency, and ease of implementation. They allow for straightfor-
ward debugging and understanding of the robot’s behavior since the decision-making process
is explicitly coded. However, heuristic methods may struggle with complex, dynamic envi-
ronments where handcrafted rules cannot anticipate every possible scenario. Their determin-
istic nature also makes them less adaptable to unforeseen changes compared to learning-based
approaches. The work on heuristic methods for obstacle avoidance and navigation is mas-
sive and has a long standing history in the field of robotics. While many of the concepts in
heuristic navigation have no parallels in deep learning techniques, we introduce them here
for completeness.

Map-Based Navigation utilizes detailed maps of the environment to guide the UAV.
Typically, this is done using either occupancy grids [Meyer-Delius et al., 2012] or octree maps
[Meagher, 1982]. Under mild assumptions, octree maps are simply efficient methods of en-
coding occupancy grids, and there exists many open source tools that allow conversion from
one to the other 2 3. The predominant method of obtaining these maps is to utilize 3D vol-
umetric sensing to efficiently map and explore the environments while making a best guess
estimate action towards the navigational goal. One method in this category include the us-
age of stereo vision cameras [Li and Ruichek, 2014, Yu et al., 2015, Nguyen et al., 2011],
where depth information is additionally gathered using feature location disparity between
both cameras. This depth information, in addition to the sensed position and orientation
estimate on the UAV, allows for the estimation of the location of a feature in 3D space. How-
ever, this technique can suffer from occlusions and limited accuracy in poorly textured envi-
ronments. Additionally, stereo vision systems can be computationally intensive, which may
limit their applicability on resource-constrained platforms like UAVs. Another approach in-
volves the use of LIDAR sensors which emit laser pulses and measure the time it takes for the
pulses to return after hitting an object[Luo et al., 2019, Sabatini et al., 2018]. LIDAR systems
can provide highly accurate distance measurements and are effective in various lighting con-
ditions. However, they tend to be bulkier and more expensive than stereo vision systems. A
third method is the integration of both stereo vision and LIDAR, leveraging the strengths of
each to compensate for their individual weaknesses [Moghadam et al., 2008, Oh and Kang,

2nomis80.org/code/octree.html
3flipcode.com/archives/Octree_Implementation.shtml
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2016, Li, 2013]. By combining these sensors, it is possible to achieve more robust and accurate
3D mapping and navigation capabilities. For instance, LIDAR can be used to provide precise
distance measurements, while stereo vision can enhance the resolution of the environment’s
visual features. Once a detailed 3D map is obtained, a Simulataneous Localization and Map-
ping (SLAM) algorithm — a probabilistic algorithm for making best guess estimates of the
robot’s location and surrounding geometry — can then be used in conjunction with global
heuristic path planning algorithms such as A-star search [Hart et al., 1968] can to complete
the navigational task.

Geometric Methods Geometric methods work by measuring distances between the
UAV and other obstacles. These techniques are also commonly termed as vector-field meth-
ods. Ha et al. [2019] proposed a method of guiding a UAV from a starting point to an ending
point by segregating the flight domain into a series of high risk spheres around each obstacle.
Then, tangent lines between the UAV to the sphere is used to formulate an optimal flight path
between each obstacle from the start to the end. A tracking control law is then implemented
onboard the UAV to ensure that the UAV stays as close to this trajectory as possible. Upon
detection of a new obstacle and impending collision, the trajectory is recomputed on the fly is
used as the new trajectory to be followed. Lin and Peng [2021] first plan a trajectory from the
starting to ending points using path planning algorithm, before using an optical flow camera
to detect obstacles and generate depth cues for a lightweight obstacle avoidance algorithm.
Their method relies on using optical flow images to determine closeness of obstacles, and
then relying on the density of optical flow on on a read image to take evasive actions. Zheng
et al. [2019] perform a similar task, but instead opting to rely on a 2D LiDaR to measure dis-
tances to obstacles. Holmberg et al. [2022] use a slightly more advanced concept by further
incorporating SLAM into the algorithm to have premonition of all obstacles present. The
main trend in geometric methods is to represent obstacles in the space as a set of vectors from
the UAV’s position, and then utilize simple geometric rules to generate a suitable trajectory
from the start to the end.

Force Field Methods Force field methods rely on an idea inspired by attractive or re-
pulsive electric forces, also known in other circles as potential field methods. Classical force
field methods are limited to simple trajectory planning, and do not have strict guarantees for
obstacle avoidance. Sun et al. [2017] propose to perform post-processing to optimize a basic
potential field algorithm with a distance factor and a jump strategy to address this shortcom-
ing of classical force field methods. Van Der Veeken et al. [2021] experiment with a potential
field that takes inspiration from magnetic attraction and repulsion, wherein the potential
field strength scales to the square of distance to an obstacle. Cong et al. [2021] uses a normal
potential field, but places narrow channels between obstacles which serve as strict fly-zones.
Their simulations show that the method can perform path planning effectively, but cannot
solve an issue of the UAV getting into a local optimum. The common trend of these works
is that the potential field is computationally efficient and can be solved in real time. All it
requires is an artificially set force field function. Some other examples of force field meth-
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ods include those by Mac et al. [2016], Ma’Arif et al. [2021], Rostami et al. [2019], Bui et al.
[2019] and many more. More often than not, force field methods tend to be merged to-
gether with geometric methods to leverage the strengths of both techniques. Tai et al. [2022]
demonstrate one such example where a vector field is used to compute smooth flight trajecto-
ries to avoid obstacles, while a potential field is layered on top the guide the UAV away from
obstacles when they are unable to closely follow the planned vector field trajectory.

OptimizationMethods Optimization methods aim at finding optimal or near optimal
solutions for path planning and motion characteristics of the UAV while incorporating infor-
mation about all other known objects. They typically rely on the calculation of an avoidance
trajectory based on geographical information. They also encompass probabilistic search algo-
rithms which aim to provide flights through the best areas based on available uncertainty in-
formation. The Rapid Exploration Random Tree (RRT) algorithm is an algorithm proposed
by LaValle et al. [2001]. It relies on a rapidly expanding tree of nodes, where at each point, the
direction of branch is selected based on various heuristics such as obstacle closeness, vehicle
motion constraints, and uncertainty. This has seen massive prevalence in modern robotics,
and its use in UAVs is notwitheld. Meng et al. [2017] propose using an improved version
of this algorithm to solve obstacle avoidance in a dynamic environment. Zekui et al. [2018]
perform a similar task using additional constraints such as corner and path length constraints
to restrict the turn angle and path length, before fitting a Bezier curve to the resulting path
to generate a suitable flight trajectory. To accomadate for the notion of higher risk obstacles,
Yafei et al. [2020] propose using an artificial potential field as a basis for risk factor calculation
within the RRT algorithm. Their results show that this allows the UAV to avoid threat areas
quickly and effectively. Chen and Yu [2021] further incorporate compute cost into the RRT
algorithm in a manner similar to A* to further speed up convergence of the algorithm, and
then applied this to a UAV platform to perform obstacle avoidance. LI HY et al. [2021] utilize
a forest of RRTs, each computed by a different UAV in a swarm to further speed up the RRT
computation. To handle dynamic obstacles, Chen and Wang [2022] propose a pruning and
reconnection mechanism for segments where a previously moved obstacle has moved to re-
generate paths without recomputation of the entire tree. Fu et al. [2022] add a bidirectional
objective heuristic to the RRT objective to handle blind search, long paths, and zigzag paths
in a 3D spatial environment.

Another form of optimization method include Bayesian optimization, particle swarm op-
timization, and greedy methods. Inspired by the ant colony algorithm, Pérez-Carabaza et al.
[2019] utilize a minimum time search algorithm to perform obstacle avoidance within a
multi-UAV scenario to ensure successful collision avoidance in communication constrained
environments. Polvara et al. [2018] discusses collision detection and path planning meth-
ods by considering global and local path planners. They perform a comparative analysis be-
tween the most common techniques from graph search theory to evolutionary algorithms.
Boivin et al. [2008] formulates optimal trajectories by taking inspiration from model predic-
tive control to solve a cost function involving the UAV’s current position and the position of
all obstacles. Biswas et al. [2019] utilize a particle swarm algorithm (PSO) to assign weights
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to different regions of an environment using all available sensor information. Then, an op-
timal path is chosen through territories of least risk. Jalal [2015] modified the conventional
PSO algorithm for offline UAV navigation by incorporating an additional error factor to con-
vert infeasible paths to feasible paths. The infeasible paths in this case are caused by motion
constraints of the UAV.

CommonBasis Map-based navigation is advantageous in structured environments where
detailed maps are available, but it struggles in dynamic settings where obstacles can change.
The reliance on accurate maps can be a significant limitation. Geometric methods excel in
real-time adaptability and computational efficiency, making them suitable for dynamic en-
vironments. However, their effectiveness diminishes in highly complex or unstructured set-
tings, and they depend heavily on accurate sensor data. Force field Methods offer simplicity
and computational efficiency, making them ideal for real-time applications. Yet, their sus-
ceptibility to local minima and limited guarantees for obstacle avoidance pose challenges in
complex scenarios. Combining force field methods with geometric methods can leverage the
strengths of both techniques, as demonstrated by Tai et al. [2022]. Optimization methods
provide robust and flexible solutions capable of handling complex and dynamic environ-
ments. However, they are computationally intensive and may require significant customiza-
tion. Techniques like RRT and PSO offer promising results but can be slow to converge
without careful tuning.

The recurring theme in navigation tasks is to map a robot’s sensor data s ∈ S to some
lower dimensional representation (octrees/occupancy grid/graph/tree) z ∈ Z . This repre-
sentation is the most complex for map-based navigation, requiring ideally the full map. This
requirement is further relaxed for optimization methods, which can make use of any cur-
rently available information to formulate a best guess estimate of an optimal flight path using
probabilistic approaches to the problem. Finally, geometric methods and force field methods
utilize the smallest representation of currently known information — oftentimes only requir-
ing knowledge of the k-nearest obstacles to the UAV and disregarding all other information.
A more detailed comparison of these methods is shown in table 2.1.

Given this representation of the environment, the task of navigation is phrased as a prob-
lem of finding the optimal sequence of actions {a1,a2, ...,an} to take given some utility
function U between a target configuration g(zT ) and the current configuration g(z). In
short, a navigation task aims to solve the following:

{a1,a2, ...,an} = arg max
{a1,a2,...,an}

−U(g(z), g(zT )) (2.1)

Depending on context, the arg max can also be expressed as an arg min by flipping the sign of
U . In the case of geometric, force-field, and map-based methods, a best guess estimate of an
action function at = f(zt) is assumed before hand, and directly applied to the representation
as a programmed algorithm. This action function is simple for potential field methods; most
complex for map-based navigation which typically utilize a full path-planning algorithm; and
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somewhere in between for vector field methods. By contrast, optimization based methods
do not utilize any predetermined action function, and instead directly solve for the action
sequence {a1,a2, ...,an} at runtime, allowing the algorithm designer to simply choose the
choice of utility function U instead. This live computation of action sequence at every step
contributes to the high computational complexity of optimization methods.

In learned methods, the action function fθ(zt) is typically represented as a learnable func-
tion parameterized by a set of weights θ. Throughout the course of learning, θ is then up-
dated to optimize U , therefore learning an action function before deployment that serves as
a best estimate at optimizing U . This leads to very low computational complexity during de-
ployment, while approximating the optimality of optimization methods. Furthermore, in
many cases of learned methods, the mapping of robot sensor data to low dimensional repre-
sentation is also represented as a learnable function. We term that function in this context
as the representation function. Both representation function and action function can then
be jointly learned end-to-end, allowing the algorithm to incorporate only necessary informa-
tion into the low dimensional representation z. This end-to-end nature results in the ability
to phrase the problem as a single optimization task that can be solved prior to deployment.
This reduction of a complex task into a single optimization objective is the core argument for
learned methods.
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Table 2.1: Comparative Analysis of UAV Navigation Methods
Method Description Pros Cons Examples and References
Map-Based
Navigation

Applies a path finding al-
gorithm to predefined envi-
ronment layouts like occu-
pancy grids or octree maps
measured using sensors ca-
pable of depth sensing.

High interpretabil-
ity; leverages existing
maps; use of well
known mapping
tools and algo-
rithms.

Requires accurate and up-
dated maps; limited adapt-
ability to dynamic environ-
ments; computationally in-
tensive for large environ-
ments.

[Meyer-Delius et al., 2012, Meagher,
1982]

Geometric
Methods

Measures distances be-
tween UAV and obstacles,
uses geometric principles
to compute optimal flight
paths and trajectories dy-
namically adjusting based
on sensor input.

Real-time adaptabil-
ity to detected obsta-
cles; good computa-
tional efficiency.

May struggle with dynamic
obstacles; relies on contin-
uous sensor input for dis-
tance measurements.

[Ha et al., 2019, Lin and Peng, 2021,
Zheng et al., 2019, Holmberg et al.,
2022]

Force Field
Methods

Similar to geometric meth-
ods, but use potential fields
to navigate.

Computationally
efficient; easily in-
tegrated with other
methods.

Susceptible to local min-
ima, leading to potential
navigation failures; limited
guarantees for successful
obstacle avoidance in com-
plex scenarios.

[Sun et al., 2017, Van Der Veeken
et al., 2021, Cong et al., 2021, Mac
et al., 2016, Ma’Arif et al., 2021, Ros-
tami et al., 2019, Bui et al., 2019]

Optimization
Methods

Find optimal or near-
optimal paths using
algorithms like RRT,
Bayesian optimization or
PSO.

Provides optimal so-
lutions; can handle
complex environ-
ments; may require
significant tuning
and customization.

High computational cost;
may be slow in real-time ap-
plications.

[LaValle et al., 2001, Meng et al.,
2017, Zekui et al., 2018, Yafei et al.,
2020, Chen and Yu, 2021, LI HY
et al., 2021, Chen and Wang, 2022,
Fu et al., 2022, Pérez-Carabaza et al.,
2019, Polvara et al., 2018, Boivin et al.,
2008, Biswas et al., 2019, Jalal, 2015]
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2.2.4 Applications for UAVNavigation

Various works have involved the use of UAVs for flight over or around an entity. These entities
can range from long distance pipelines to manned aircraft. Some advancements made in those
fields are highlighted here.

Pipeline Tracking Shukla et al. [2016a,b], Xiaoqian et al. [2016] utilize a series of im-
age processing tools including Gaussian filters, intensity gradients, non-maximal suppression,
normal threshold, and hysteresis thresholding on the result of performing a Canny edge de-
tection on the image. The result is then used to identify pipes, which are then used to decide
the orientation of the UAV relative to the pipe. Gómez Eguíluz et al. [2020] utilize a LiDaR
mounted on a UAV to formulate a point cloud of its surroundings. After that, the RANSAC
algorithm is utilized to recursively identify cylinders in the environment. The presence of
cylinders are then used as an indicator of pipe location. This approach is similarly done by
Guerra et al. [2018]. However, in contrast to Gómez Eguíluz et al. [2020] which only utilize
a LiDaR, Guerra et al. [2018] adopt a probabilistic approach to determining the location of
the pipe. First, the RANSAC algorithm is used in conjunction with the LiDaR point cloud
to form a priori estimate to the location of the pipe. Then, a computer vision algorithm
utilizing Canny edge detection is used to develop a much more accurate posterior estimate.
They demonstrate that this works and show that they reduce spurious detection rates of a
pipe to below 1%. da Silva et al. [2022] presented a piece of work which utilizes the YOLO
architecture to detect pipes. The pipe is then cropped out of the image, before a Canny edge
detection algorithm is utilized to identify the orientation and position of the pipe within the
cropped image. Finally, the detected lines of the pipe are used to inform a downstream flight
control algorithm, where the goal is to keep the line in the middle of the image, signifying that
the UAV is flying directly over the pipe. They demonstrate that their framework can keep the
UAV to within 15 cm of the pipe when flying overhead. Roos-Hoefgeest et al. [2023] utilize
a semantic segmentation pipeline to segment parts of the image corresponding to pipes. Sen-
sor measurements from a LiDaR are then used to filter this masked image to remove pipes
that are far away. A series of filters are run over the resulting image, extracting the centerline
of the pipe for the UAV to follow. To detect maintenance issues, they perform k-means clus-
tering on patches of pixels to identify patches of the pipe that have a different colour to the
un-corroded pipes. They further demonstrate that this technique works reasonably well in
real world scenarios.

Tunnel Navigation Tunnel navigation involves the use of UAVs flying autonomously
within tunnels or tunnel-like structures. Elmokadem and Savkin [2022] utilizes a depth sens-
ing camera and SLAM to formulate a 3D point cloud of the interior of the tunnel, then utilize
a kinematic model and vector operations to formulate a feasible flight path. A sliding mode
controller is used to allow the UAV to follow this flight path. This work builds on a prior algo-
rithm by the same authors which developed an algorithm for following tunnels based on 3D
point cloud information [Elmokadem, 2020]. Yan et al. [2020] utilize a system where mul-
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tiple algorithms are stacked on top of each other for a highly configurable and interpretable
stack. They first utilize a Hector-SLAM algorithm in conjunction with a LiDaR to construct
a 3D point cloud map of the environment. This is followed by a variant of RRT to perform
route planning, before this route is optimized using a cubic B-spline to ensure smooth trajec-
tories. Then, an classical PID controller is utilized to follow the B-spline. To avoid obstacles
dynamically during runtime, an artificial potential field is layered over the whole architecture
at runtime based on new information gathered by the LiDaR system. They verify their system
on a physical UAV and show that this form of realtime path planning works reasonably well
while ensuring a mostly optimal route. An interesting implementation of tunnel following is
done by Ge et al. [2021]. Instead of building a 3D map from scratch, they adopt a technique
developed by line-following robots, where the UAV is meant to follow a taped line on the
floor of a tunnel to traverse the tunnel. While not scalable to unseen tunnels, this highlights
one potential method in which UAVs may be used to follow railway tracks, since they possess
a very well defined line that can be easily observed. In dark tunnels, Mansouri et al. [2019]
utilize a computer vision technique of darkness contour detection to guide a UAV. In their
work, the UAV possesses a high powered light source and a camera. This light source is used
to illuminate the area immediately ahead of the UAV. Darker areas of the tunnel correspond
to sections where the light does not bounce off the wall, indicating an opening. The goal of
the UAV is to then continually fly towards the center of this dark opening, thereby avoiding
the walls and traversing the tunnel itself.

RailwayTracks The use of UAVs for tracing railway tracks is less seen in literature, how-
ever, they are still present. Xia [2023] propose using a vanishing point detection to guide the
UAV for track following in one instance, and utilize a preplanned flight path in another. Gu-
clu et al. [2021] use a similar approach where the left and right lanes of the railway track are
detected using two different instances of Gabor filters. These lines lead up to a vanishing
point which is detected, and then pursued using a PID controller.

Notable Fields An adjacent field to UAV’s tracking and traversing entities over long dis-
tances is in autonomous automotive vehicles. This has been a very hotly researched topic in
recent times, and their impact on the future of transportation cannot be understated. Several
techniques and algorithms have been developed to enable vehicles to autonomously follow
lanes and navigate through diverse road conditions. Pre-deep learning, the use of LiDaR,
RaDaR and ultrasonic sensors was the predominant method in which autonomous driving
was implemented. Nowadays, a combination of vision-based sensors, LiDaR and RaDaR
sensors are used in conjunction with deep learning to formulate better-than-human level driv-
ing in complicated urban environments.
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2.3 Reinforcement Learning

Reinforcement Learning (RL) stands out as a paradigm that mimics the process of learning
through interaction with an environment. Unlike traditional machine learning approaches
that rely on a predefined dataset, reinforcement learning is characterized by an agent that
learns to make decisions by performing actions and receiving feedback in the form of rewards
or penalties. This section delves into the concepts, algorithms, and challenges of reinforce-
ment learning, serving as a precursor for applying deep learning to UAV navigation. The
notation here has been borrowed from the ubiquitous book by Sutton and Barto [2018].

2.3.1 Markov Decision Process (MDP)

From a machine learning perspective, the navigation problem can be phrased as a Markov
Decision Process (MDP), which is a mathematical object describing the interaction of an
agent within a stochastic environment. An MDP has the following components:

• S: state space, the space from which environment states are derived from.

• A: action space, the space of possible actions the agent can take.

• r ∈ R: the reward an agent receives at every state st.

• ρ: state transition distribution of P(rt, st|st+1,at), where, given an action at in a
state st at timestep t, the transition probability distributionP defines the distribution
over possible next states st+1 and scalar rewards rt.

• γ ∈ [0, 1]: the discounting factor, larger values motivate the agent to emphasize long
term rewards.

The state transition tuple {st,at, rt, st+1} may be written as {s,a, r, s ′} for more
concise notation.

An agent which interacts with the MDP is commonly written as π(at|st). The canonical
definition of solving an MDP is to find the optimal policy π∗(at|st) which optimizes an
objective over the expected sequence of rewards induced by the state transition distribution
ρ under all states s ∈ S:

π∗ = arg max
π

Eρ,π[f(r1, r2, ..., rn)] (2.2)

Partially Observable Markov Decision Processes (POMDPs) assume the agent only has
access to an observation which is derived from the current state, ot ∼ P(ot|st). In the case
of a sensored robot, the sensor observations are derived from the true state of the robot in the
environment.
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Heuristic methods aim to map the sensor observations and actions
{o1,a1,o2,a2, ...ot,at} into a state representation (octrees / occupancy grid / graph
/ tree) zt ∈ Z . If we treat zt as the system state, the POMDP can then be written as a MDP.
The task of navigation can then be phrased as a two step process of designing a suitable
mapping f : {o1,a1,o2,a2, ...ot,at} → zt, then applying a heuristic algorithm to solve
the equivalent MDP based on using zt‘‘ch as the system state.

2.3.2 Reinforcement Learning Variants

Reinforcement lerning (RL) is a zeroth order, black box optimization method for solving
MDPs. This section is primarily concerned with the cumulative discounted future reward
setting of RL, wherein we define state-value function - the cumulative discounted sum of
rewards of being in a state s and performing according to π as:

Vπ(s) = Eρ,π
∞∑
t=0

[γtrt|S0 = s] (2.3)

γ here is known as a discount factor, which controls much importance is placed on long
horizon rewards, and typically has values around 0.99. The goal of RL is to find an optimal
policyπ∗ which produces the optimal state-value functionVπ∗(s) = V∗(s) = maxπ V(s).
We categorize RL algorithms into three overarching classes - value-based RL, policy-based
RL, and model-based RL.

Value-Based Reinforcement Learning Value-based RL relies on the concept of an
action-value function - the cumulative discounted sum of rewards from being in state s and
taking action a and then performing according to π. This quantity is commonly referred to
as the Q-value, defined as:

Qπ(s,a) = Eρ[r|s,a] + γEρ,π[Q(s ′,a ′)] (2.4)

The state-value function can also be written as the expectation over actions of the Q-value
without loss of generality:

Vπ(s) = Ea∼π[Q
π(s,a)] (2.5)

V∗(s) = Ea∼π∗ [Q
π∗(s,a)] (2.6)

= max
π

[Qπ(s,a)] (2.7)

Thus, the Q-value can also be written as:

Qπ(s,a) = Eρ[r|s,a] + γEs ′∼ρV
π(s ′) (2.8)
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Given the Q-value of a policy πn, we can derive a policy πn+1 that performs better than
the base policy πn by simply taking actions according to a greedy policy:

πn+1(a|s) =

{
1, if a = arg maxaQ

πn(s,a)

0, otherwise
(2.9)

Typically, an ϵ-greedy policy is used instead — with probability (1−ϵ), the action is chosen
according to (2.9); with probability ϵ, the action is chosen randomly to facilitate environ-
ment exploration. The value of ϵ is typically around 0.05.

By alternating between learning (2.4) for π, and redefining π as (2.9), we thus have a well
defined method of solving MDPs. The aforementioned technique is known as Q-learning,
with its basic algorithm shown in algorithm 1 [Watkins, 1989].

Algorithm 1 Basic Q-learning algorithm

InitializeQ(s,a) arbitrarily
for number of episodes do

Get initial state s = s0 from environment ρ
for steps in episode do

Select action a fromQ(s,a) (using e.g. ϵ-greedy)
Observe reward r and next state s ′

UpdateQ(s,a)← r+ γmaxa ′ Q(s ′,a ′)
Set s← s ′

end for
end for

In many but the simplest cases, algorithm 1 is unlikely to work very well because boot-
strapping causes very unstable estimates of the Q-value. Instead, popular RL algorithms try
to tame this instability with several engineering techniques. These include a delayed target
Q-network [Mnih et al., 2015] to aid in the stability of the bootstrapped value and double
Q-networks to tame overestimation bias [Van Hasselt et al., 2016]. Very recently, this instabil-
ity has also been tamed in very recent research directions using heavy regularization on much
larger Q-networks [Nauman et al., 2024].

For cases where sampling the max from the Q-value function is intractable (e.g. when
A ∈ Rn), one can employ sampling techniques such as cross entropy sampling [Kalash-
nikov et al., 2018]. An alternative branch of methods known as actor-critic methods phrase
the sampling challenge as an optimization task, wherein the policy πθ is a separate function
approximator parameterized by θ, and the policy is distilled by solving (2.9) using gradient
based optimization. Algorithm 2 demonstrates the basic idea of a value-based actor-critic al-
gorithm. Algorithms of this class were first conceived by Silver et al. [2014] and later dubbed
Deep Deterministic Policy Gradients (DDPG) by Lillicrap et al. [2015], more stable and per-
formant versions such as Twin Delayed Deep Deterministic Policy Gradients (TD3) and SAC
were later derived [Fujimoto et al., 2018, Haarnoja et al., 2018b,c]. TD3 uses the delayed tar-
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get network and twin Q-networks first used in normal Q-learning to stabilize training, while
SAC is a version of TD3 that attempts to maximize the entropy of the action distribution,
encouraging exploration and further boosting learning stability.

Algorithm 2 Basic value-based actor-critic algorithm

InitializeQ(s,a) arbitrarily
Initialize πθ(s) arbitrarily
for number of episodes do

Get initial state s = s0 from environment ρ
for steps in episode do

Sample action from policy a ∼ πθ(s)
Observe reward r and next state s ′

UpdateQ(s,a)← r+ γEa ′∼πθQ(s ′,a ′)
Update θ← arg maxθ Ea∼πθ [Q(s,a)]
Set s← s ′

end for
end for

The primary strength of value-based methods is their ability to leverage past experience. In
practice, this involves storing all past state transitions {s,a, r, s ′} in a replay buffer D, which
continually increases in size with more environment interactions. This allows models to not
fall into a phenomena known as catastrophic forgetting, a phenomena present in policy-based
algorithms [Sullivan et al., 2022]. The downside of value-based methods is that the wall clock
time required to train such models is much longer than policy-based methods, an attribute
caused by the need to learn over the replay buffer after every environment episode interaction.

Policy-BasedReinforcement Learning Policy-based RL relies on the notion of the
policy gradient. To formalize the policy gradient, we introduce the notion of policy perfor-
mance as the expected state-value for all states for a policy:

J(π) = Es∼ρ,a,∼π[Q(s,a)] (2.10)
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The policy gradient revolves around finding the gradient of policy performance and then step-
ping in a direction that improves that value. Thus, we intend to find the gradient ∇πJ(π):

∇πJ(π) = (2.11)
= ∇πEst∼ρ,at∼π[Q(st,at)] (2.12)

= ∇π

∑
s,st+1∈S

ρ(st+1|st,at)
∑
at∈A

π(at|st)Q(st,at) (2.13)

=
∑

s,st+1∈S
ρ(st+1|st,at)

∑
at∈A

π(at|st)∇π logπ(at|st)Q(st,at) (2.14)

= Est+1,st∼ρ,at∼π[∇π logπ(at|st)Q(s,a)] (2.15)
= Eρ,π[∇π logπ(a|s)Q(s,a)] (2.16)

(2.13) pulls the probabilities out of the expectation and into the summation itself.
(2.14) uses the identity∇xx = x∇x log x. (2.16) is just a more concise way of writing
(2.15).

The policy can then be updated in the positive direction of (2.16) to obtain a better policy.
A basic policy gradient algorithm is summarized in algorithm 3.

Algorithm 3 Basic policy gradient algorithm

Initialize πθ(s) arbitrarily
Select learning rate α
for number of episodes do

Initialize trajectory buffer D = {}

Get initial state s = s0 from environment ρ
for steps in episode do

Sample action from policy a ∼ πθ(s)
Observe reward r and next state s ′

Add to buffer D ∪ {{s,a, r}}
Set s← s ′

end for
Reset policy gradient ∇θJ(τ) = 0
for each {s,a, r} in D do

ComputeQ(s,a)
Compute ∇θJ(π) ▷ (2.16)

end for
Update θ← θ+ α∇θJ(π)

end for
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The vanilla policy gradient algorithm as shown in algorithm 3 is unlikely to work except
for the most simplest of cases. This is caused by several core problems:

• High variance updates The gradients of the policy are influenced by the sum of dis-
counted returns Q(s,a), this represents an unbiased and high variance estimate of
the performance of the policy.

• Distributional shift The gradient update is only accurate under the assumption that
the policy π is the same policy that is used to generate the trajectories τ. Most policy
gradient methods are therefore known as on-policy algorithms, whereas value-based
algorithms are commonly of the off-policy variant.

To tackle the problem of high variance updates, the simplest method would be to reduce
variance by subtracting a baseline, this is known as taking an advantage estimate:

A(s,a) = Q(s,a) − V(s) (2.17)

(2.16) is thus modified to:

∇πJ(π) = Eρ,π[∇π logπ(a|s)A(st,at)] (2.18)

Doing so requires that a separate model be placed over V(s) that is learned via Monte Carlo
estimation from independent trajectories. Other methods of reducing variance include tech-
niques that introduce bias to further reduce variance [Schulman et al., 2015b, Ng et al., 1999].
To tackle distributional shift, several techniques have been proposed, likely the first of which
is importance sampling [Tokdar and Kass, 2010]. Alternative methods of tackling distribu-
tional shift include simply preventing the policy update step from updating the policy too
much. This has resulted in very powerful RL algorithms, including Trust Region Policy
Optimization (TRPO) [Schulman et al., 2015a] and Proximal Policy Optimization (PPO)
[Schulman et al., 2017], the latter of which is the most popular RL algorithm in implemen-
tation.

The core benefit of policy-based methods is that they work well without requiring a re-
play buffer of past trajectories. This allows learning to happen quickly after each environ-
ment interaction. However, due to the algorithms not keeping track of past trajectories and
the nature of preventing distributional shift, on-policy algorithms typically require an order
of magnitude more samples to obtain good policies when compared to off-policy methods.
This may not be a bad proposition if the simulator that is being used to represent the environ-
ment is fast, which is often easily done using hardware acceleration [Makoviychuk et al., 2021,
Weng et al., 2022, Freeman et al., 2021]. Further, on-policy algorithms are also notorious for
being difficult to train, requiring many engineering tricks to get going well [Andrychowicz
et al., 2021].

Model-Based Reinforcement Learning A fundamental challenge with conven-
tional RL is the inherently bad sample efficiency; a large number of environment interactions
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is required to obtain a good policy. To tackle this, Sutton and Barto [2018] hypothesised us-
ing environment abstractions for better learning, wherein a learned model is used in place of
the actual environment itself to allow an agent to perform abstracted planning and learning.
Ha and Schmidhuber [2018] first proposed the notion of world models - models which are a
drop in replacement for the environment itself within the MDP framework. The propossal
is for a model fϕ which fulfils the following:

fϕ = arg min
f

D(f(s,a), ρ(s,a))∀s,a (2.19)

whereD(·, ·) represents the notation for statistical divergence (e.g. Kullback-Leibler, Wasser-
stein, etc).

Using a world model, the RL agent can then execute as many as many environment inter-
actions as required within the world model, so long as the regions explored within the world
model are similar to those in the real environment. This paradigm has led to many impressive
algorithms, such as Dreamer [Hafner et al., 2019], DreamerV2 [Hafner et al., 2020], Day-
Dreamer[Wu et al., 2022], Denoised MDPs [Wang et al., 2022], etc. World models have also
been used in the context of tree search for RL, where truncated Monte Carlo Tree Search is
used to select the best action for a given state. Examples of this form of algorithm include Al-
phaZero [Silver et al., 2018], MuZero [Schrittwieser et al., 2020] and EfficientZero [Ye et al.,
2021].

From a sample efficiency and performance perspective, model-based RL represent a class of
models with the highest sample efficiencies and best performance. However, as lamented in
Sutton [2019]’s Bitter Lesson, models of this class utilize the most amount of computational
resources, as all of the conventional models of a RL algorithm are required on top of the
world model itself.

2.3.3 Simulation to Reality for Reinforcement Learning

Most RL problems assume a reset-able environment from which the RL algorithm is able to
interact with. This is most conveniently done as a computer simulated environment. This
bodes to the low sample efficiency of RL algorithms in general, and the transfer of a policy
trained in simulation to the real world is most commonly known as Simulation to Reality
Transfer (Sim2Real). The main governing factor of the Sim2Real gap is triggered by the in-
consistency of friction, damping, mass, collision properties, and other physical attributes. If
a policy relies on visual information to act, the gap is further exacerbated by aspects such as
scene lighting, occlusion, motion blur, lens profiles, and other optical aspects that cause real
images to not match those in simulation. To this end, methods of solving the Sim2Real chal-
lenge can broadly be categorized into one of three techniques: system identification, domain
randomization, and domain adaptation. Typically, in the Sim2Real literature, the domain
in which an agent is trained in is known as the source domain, and the real environment in
which the agent must act in is known as the target domain.
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System Identification refers to the paradigm of building as accurate simulators as pos-
sible by identifying crucial parameters of the real model. Because system identification will
not be used in the work done in this thesis, only a surfacial level of introduction will be given.
Indeed, the field of system identification is huge, and requires many bookshelves to be ade-
quately covered. The core of performing system identification to build estimating models is
statistical theory. It revolves around the idea of building a model using a selection or collection
of models from a model class that matches the true description of a system whilst minimiz-
ing model complexity, based on the available information about the system itself. Consider
an unknown function g0(x). For a sequence of x-values {x1, x2, ..., xN}, we observe a set of
corresponding function values with some noise:

y(t) = g0(xt) + e(t) (2.20)

Where e(t) is noise. The basic problem is to therefore construct an estimate ĝN(x) that
matches g0(xt) as closely as possible. The term ’matches’ here is ambiguous, and in the field
of system identification, many metrics in the field of information theory exist for measur-
ing the closeness of two models such as Akaike’s Final Prediction Error, Akaike’s Informa-
tion Criterion, Generalized Cross-Validation Criterion, Empirical Risk, etc. [Akaike, 1998,
Sakamoto et al., 1986, Li, 1987].

Domain Randomization describes to the idea of training an agent in the source envi-
ronmentρs with randomized propertiesξ ∈ Ξ that are randomly chosen for every trajectory,
with the goal of later transferring the learned policy to a target environment ρt. With a rea-
sonable definition of Ξ, the hope is that the properties of the target environment ξt are also
in Ξ. Sim2Real can work for physical dynamics [Peng et al., 2018], as well as for image-based
tasks [Loquercio et al., 2019], and has seen extensive usage across a range of robotics tasks.

Instead of randomly sampling properties from Ξ, domain randomization can instead be
viewed as a bilevel optimization problem, where the space of properties Ξϕ is parameterized
with parameters ϕ. With access to the source domain, the optimal parameters ϕ∗ can then
be learned via:

ϕ∗ = arg max
ϕ

Eρt [P(πθ∗(ϕ))] (2.21)

s.t. θ∗(ϕ) = arg max
θ

Eρs|Ξϕ [P(πθ)] (2.22)

where P represents a utility function, typically the total reward per trajectory.
In short, the space of properties Ξ is continually refined by repeatedly testing the learned

policy in the source domain. Such a bilevel optimization can be done in several ways not
withstanding evolutionary algorithms [Yu et al., 2018], RL [Kar et al., 2019] or a neural net-
worked version of state space identification [Chebotar et al., 2019].
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Domain Adaptation refers to the notion of adapting the target environment ρt to
match that of the source environment ρs. This is typically done for image-based tasks, where
the state is fed to the policy as an image (or sequence of images). Since the feature space of the
source and target domain are different, the spirit of domain adaptation is aimed at aligning
the two feature spaces such that the policy will perceive either domains as being similar. There
are primarily three variants of domain adaptation: discrepancy-based, adversarial-based and
reconstruction-based.

Discrepancy-based domain adaptation typically use a single feature extraction backbone,
and aim to minimize a statistical distance between extracted features from the source and
target domains in order to align feature spaces. Some of the influential work in this space
include Deep Domain Confusion [Tzeng et al., 2014], Deep Adaptation Networks [Long
et al., 2015b], and Correlation Alignment [Sun et al., 2016].

Adversarial Domain Adaptation builds a domain classifier to identify whether the
features produced by a feature extractor come from states in the source domain or target do-
main. The training loss is then augmented to make the feature extractor work towards fooling
the domain classifier. Although in principle this is similar to discrepancy-based methods, the
primary difference is that a completely separate classifier is trained over the feature space of
the feature extractor; discrepancy-based domain adaptation instead use a statistical metric
over the feature space which negates the training of a completely separate network. Some
examples include Adversarial Training [Ganin et al., 2016, Bousmalis et al., 2017] and Simul-
taneous Deep Transfer [Tzeng et al., 2015].

Reconstruction-based domain adaptation leverages the field of Generative Adversarial
Networks (GANs) [Gonog and Zhou, 2019], wherein two networks, a generator and a dis-
criminator, compete in a minmax game. The generator takes states from the target domain
St, and converts them into states that resemble the source domainSs, while the discriminator
takes in states from either domains and attempts to distinguish them both. The goal of the
generator is to fool the discriminator that its generated states come from the source domain
while retaining information from the target domain, while the discriminator aims to visually
discriminate between generator-created states and true source states. Through iterative train-
ing, the generator eventually generates states that are indistinguishable from the true source
states. Perhaps the most prevalent reconstruction-based domain adaptation technique is Cy-
cleGAN [Zhu et al., 2017] and derivatives.

2.3.4 Deep Learning for UAVNavigation

Some examples of off-the-shelf RL algorithms applied to obstacle avoidance and navigation
include works by Zeng et al. [2021], Huang et al. [2019], Abedin et al. [2020], Oubbati et al.
[2021a,b]. Various interesting implementations include one by Wang et al. [2020a] which
utilized sparse rewards for training a UAV-based obstacle avoidance algorithm utilizing non-
expert helpers. Sadeghi and Levine [2016] discretize the action space of the UAV as regions
in an image obtained by a monocular camera, and train the agent in a pure simulation en-
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vironment using domain randomization to attain autonomous navigation in the real world
without training on a single real image. Gandhi et al. [2017] intentionally crash a real drone
11,500 times to generate a diverse datasets of crashes, then train learn a value function which
can then be utilized to avoid crashing. Their approach shows impressive results, achieving
safe flight even in extremely cluttered environments. Kouris and Bouganis [2018] predicts
distance to collision using a monocular camera on a drone, and then utilizes this heuristic to
perform obstacle avoidance and navigation. Loquercio et al. [2018] utilize a dataset of bicy-
cle and car data within a city to train a UAV to fly in an urban environment. Their results
show that this approach allows the UAV to navigate through indoor corridors and parking
lots in a dense city. Some landmark experiments include works by Kaufmann et al. [2018,
2023, 2019], Loquercio et al. [2019], Song et al. [2023], which achieved better-than-human
level drone racing by using RL and extensive training in simulation augmented by system
identification in the real world.

2.3.5 Arguments for Deep Learning based Approaches

While heuristic methods have efficacy in certain scenarios, the use of deep learning-based ap-
proaches in autonomous UAV obstacle avoidance and navigation brings forth a multitude of
advantages that significantly elevate the capabilities of unmanned aerial vehicles. The follow-
ing arguments highlight the superiority of deep learning-enabled techniques in this context:

Direct and EffectiveGoalOptimization One significant advantage of deep learn-
ing approaches, particularly RL, lies in their ability to optimize a more direct and effec-
tive goal. In traditional autonomous systems, classical control methods typically involve a
three-stage process—sensor fusion, planning, and optimal control. RL, on the other hand,
enables the UAV to learn from its interactions with the environment, optimizing a better
goal through a direct reward function. This allows for a more adaptive and context-aware
decision-making process compared to the rigid structure of classical methods.

At first, this paradigm was demonstrated in well-defined games like Go [Silver et al., 2016].
Then, it was applied to highly complex games such as Defence of the Ancients 2 and Starcraft
[Vinyals et al., 2019, Berner et al., 2019]. More recently, this has enabled superhuman per-
formance to be achieved using computer algorithms, particularly in car and UAV racing sce-
narios [Song et al., 2023, Kaufmann et al., 2023]. This scenario has been explicitly studied,
and while it was determined that classical methods can bring the performance of navigation
and control algorithms to the level exhibited by RL, the ease of finding immediately optimal
solutions in RL makes iterating through various design constraints much faster [Wurman
et al., 2022].

Richer Feature Extraction and Recognition The trend of optimizing a better
goal is not only seen for algorithms in actionable tasks, but in all aspects where deep learn-
ing can be applied. For instance, when designing obstacle detection algorithms, the classical
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method may involve hard-coded rules such as Histogram of Gradientss (HOGs) [Chayeb
et al., 2014] or edge-finding in LiDAR based scenarios Larson and Trivedi [2011].

In contrast, deep learning models, particularly CNNs, are employed to automatically learn
hierarchical representations from raw data. This class of learning model excels at capturing
intricate patterns and hierarchical features, making them well-suited for tasks like obstacle
detection. By presenting the algorithm with a diverse set of labeled examples, the model learns
to discern relevant features and representations that aid in accurate obstacle detection [Hu
et al., 2018, He et al., 2016].

The advantage of using deep learning lies in its ability to adapt and generalize to different
scenarios without the need for manual feature engineering. While traditional methods often
struggle to handle variations in data, requiring explicit adjustments to accommodate different
environments or conditions. Deep learning models, on the other hand, inherently learn ro-
bust representations, making them more versatile and capable of handling diverse real-world
situations.

Moreover, deep learning models can be fine-tuned or extended to address specific chal-
lenges or incorporate additional information. Transfer learning, for example, allows pre-
trained models on large datasets to be adapted to a particular task with limited labeled data.
This facilitates the development of more efficient and effective obstacle detection systems.
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2.4 Modern Computer Vision

When performing maintenance needs detection using only UAV-based sensors, the predom-
inant method of doing so is through computer vision via onboard cameras. For that reason,
this literature review section aims to provide the reader with a sufficient background of com-
puter vision techniques before covering how they can and are currently be used for detecting
maintenance needs along railways or infrastructure in . Formally, there are primarily three cat-
egories of deep learning computer vision tasks – image classification, object detection, and in-
stance segmentation, each one being the more progressively harder task. Image classification
is the notion of identifying the main object type in an image and assigning a corresponding
class label to it. Object detection denotes the task of identifying one or multiple objects in
the image, and then drawing bounding boxes around each object and assigning class labels to
them. Instance segmentation is like object detection, but instead of bounding boxes, specific
pixels of the objects are highlighted; this is known as masking.

2.4.1 Datasets forModern Computer Vision

Modern computer vision algorithms are usually benchmarked by their performance on re-
spective datasets. Datasets play a crucial role in advancing the field of computer vision by
providing a diverse and extensive collection of annotated images that serve as training, valida-
tion, and testing data for machine learning models. These datasets serve as benchmarks for
evaluating the performance of algorithms, fostering healthy competition and innovation. A
well-curated dataset reflects the real-world scenarios and challenges faced by computer vision
applications, enabling the development of robust models that generalize effectively. More-
over, datasets facilitate reproducibility and comparability of research results across different
studies, laying the foundation for a cumulative body of knowledge. They not only drive
progress in tasks like image classification, object detection, and segmentation but also sup-
port the exploration of emerging areas such as scene understanding, autonomous systems,
and fine-grained analysis. Some of most important datasets in the realm of computer vision
thus far include:

• Image Recognition Datasets

– ImageNet Large Scale Visual Recognition Challenge 2012 (ILSVRC
2012): This dataset consists of millions of labeled images across thousands of
categories. It was used for the ILSVRC 2012 competition, a pivotal event in the
development of deep learning for image classification [He et al., 2015].

– Modified National Institute of Standards and Technology Handwritten
Digit Dataset 1998 (MNIST): MNIST is a classic dataset widely used for
handwritten digit recognition [LeCun et al., 1998a].

– CIFAR-10: The CIFAR-10 dataset contains 60,000 32x32 color images in 10
different classes, with 6,000 images per class [Krizhevsky et al., 2009].
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– Fashion-MNIST: Similar to MNIST, Fashion-MNIST consists of 28x28
grayscale images of 10 fashion categories [Xiao et al., 2017].

– SVHN (Street View House Numbers): SVHN is a dataset for digit recogni-
tion in natural street-level images [Netzer et al., 2011].

– Caltech-256: Caltech-256 is a collection of over 30,000 images across 256 ob-
ject categories [Griffin et al., 2007].

• Object Detection Datasets
– PASCAL Visual Object Classes 2012 (PASCAL VOC 2012): PASCAL

VOC is a benchmark dataset for object detection and classification [Everingham
et al., 2010].

– Places 2014: This dataset focuses on scene recognition and understanding
[Zhou et al., 2017a].

– Open Images 2017 (OICOD): Open Images is a large-scale dataset with mil-
lions of images annotated with object bounding boxes [Kuznetsova et al., 2018].

– COCO-Stuff: An extension of MS-COCO, COCO-Stuff includes rich anno-
tations for semantic segmentation [Caesar et al., 2017].

– KITTI Vision Benchmark Suite: KITTI is a dataset for autonomous driving
[Geiger et al., 2012].

• Object Detection and Instance Segmentation Datasets
– Microsoft Common Object in Context 2014 (MS-COCO): MS-COCO is

a widely used dataset for object detection, segmentation, and captioning [Lin
et al., 2014].

– ImageNet Large Scale Visual Recognition Challenge 2017 (ILSVRC
2017): This iteration of the ImageNet challenge builds upon the success of
ILSVRC 2012 [Russakovsky et al., 2015].

– Cityscapes: Cityscapes is a dataset for urban scene understanding [Cordts et al.,
2016].

– ADE20K: ADE20K is an extensive dataset for semantic segmentation [Zhou
et al., 2017b].

– SemanticKITTI: SemanticKITTI is a dataset for semantic segmentation and
scene understanding in autonomous driving scenarios [Behley et al., 2019].

2.4.2 Image Classification

Image classification is the basis from which object detection and instance segmentation tasks
are built on. For this reason, much of the foundation in object detection and instance seg-
mentation are attributed to lessons learnt from image classification. The first successes of
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image classification using CNNs have been used to classify the handwritten digits and Ger-
man traffic signs [LeCun et al., 1998a,b]. These networks are notable for outperforming their
benchmarks. However, talk of Deep CNNs was not yet prevalent. Arguably the first mod-
ern success of a Deep CNNs which brought about large mainstream discussion was in 2012
when Krizhevsky et al. [2012] published AlexNet. AlexNet was designed to perform im-
age classification in the ILSVRC 2012. While the network architecture of AlexNet was not
groundbreaking by modern standards (being simply an 8 layered CNN), the computational
and mathematical background and foundations that built AlexNet formulate much of the
backbone for modern Deep CNNs. Several novel innovations are central to the success of
AlexNet. Data augmentation techniques utilizing translations, reflections, color maps, and
even principal component analysis on the pixel values are first used to expand the size of the
dataset. AlexNet also implemented the ReLU function inspired by [Jarrett et al., 2009], fur-
ther usage of a local response normalization improved the networks performance to the high
variance and dimensionality in data, and splitting the network across two GPUs arranged in
parallel similar to the work of Cireşan et al. [2011]. In addition, a powerful regularization
technique known as Dropout was used, adapted from Srivastava et al. [2014]. Dropout de-
scribes a technique where the outputs of random neurons in the network are turned off dur-
ing training, usually with a 50% probability Srivastava et al. [2014]. This prevents neurons
from relying on the outputs of the neurons next to them, effectively forcing every neuron
to stand for itself. Formally, this prevents the complex coadaptation between neuron activa-
tions. During the test time, the outputs of each neurons is then re-scaled to compensate for
there twice as many neurons firing. This made the network much more effective at gener-
alization and prevented overfitting. Since the dominance of AlexNet, every ILSVRC since
2012 has been dominated by Deep CNNs, and advancements in the field has grown by leaps
and bounds.

Although image recognition is now deemed as a solved problem, some of the more modern
architectures stemming from this sub-field of computer vision include VGGNet [Simonyan
and Zisserman, 2014], ResNet [He et al., 2016], InceptionNet [Szegedy et al., 2015, 2016],
and MobileNet [Howard et al., 2017]. VGGNet, with its simple and uniform architecture,
demonstrated the importance of depth in CNNs. It introduced the concept of using very
small (3x3) convolutional filters stacked on top of each other. VGGNet typically had 16 or
19 weight layers, making it deeper than AlexNet. The straightforward architecture made it
easy to understand and implement. ResNet addressed the challenge of training very deep net-
works by introducing residual learning. It utilized residual blocks, allowing for the training
of extremely deep networks without suffering from vanishing gradients. The architecture
includes skip connections that bypass one or more layers, facilitating the flow of gradients
during training. InceptionNet, also known as GoogLeNet, introduced the concept of incep-
tion modules, which use multiple filters of different sizes in parallel and concatenate their
outputs. This helps capture multi-scale features efficiently. It is also known for its network-
in-network design, making it computationally efficient. Finally, MobileNet was designed for
mobile and edge devices, emphasizing computational efficiency while maintaining reasonable
accuracy. It is widely used in applications with limited computational resources. MobileNet
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introduced depth-wise separable convolutions, which significantly reduced the number of
parameters and computations compared to traditional convolutional layers.

2.4.3 Object Detection

Object detection refers to the task of identifying and localizing objects within an image. The
task of object detection is threefold; determine if there are instances of objects in an image,
determine the class(es) of objects which the instances come from, and draw bounding boxes
around the objects to localize the object. The requirement for bounding boxes is not strictly
necessary, as there are instances that perform object detection without bounding boxes [Yang
et al., 2019, Ribera et al., 2019], but most benchmarks for object detection use bounding
boxes or segmentation masks. Object detection is significantly harder from image classifi-
cation because the algorithms must also be robust across a range of intrinsic and extrinsic
conditions such as variations in color, texture, shape, size, scale, as well as situations such as
variable lighting, partial occlusions, blur, clutter, noise, and motion among others for the
same object. Other artifacts of extrinsic conditions include the presence of high ISO related
noise, poor resolution, or distortions and transformations of the images attributed to lens
properties. Additionally, certain object detection tasks have the challenge of interclass varia-
tion. As opposed to merely distinguishing the difference between the categories of ‘dog’, ‘cat’
and ‘duck’, interclass variation describes the difference between ‘Siberian Husky’, ‘Poodle’
and ‘Rottweiler’, which are all breeds of dogs.

There are primarily two main detection frameworks for object detection – two stage detec-
tion frameworks, also known as region proposal frameworks; and one stage detection frame-
works, also known as unified detection frameworks. In the first example, many regions from
the image are extracted using a Region Proposal Network (RPN), then, a generic image clas-
sification algorithm is applied to the different regions. The RPN has the task of predicting
the ‘objectness’ of various regions in the image. ‘Objectness’ is a measure of how much the
network thinks a region of the image is a foreground object or just the background. With
the exception of OverFeat [Sermanet et al., 2013], several two stage frameworks were pub-
lished almost simultaneously by independent parties of the research community that started
the object detection revolution.

Two Stage Detection Frameworks Two-stage detection frameworks, also known
as region proposal frameworks, were among the early breakthroughs in object detection us-
ing deep networks. One of the pioneering models in this category is the Region Proposal
Network (RPN), which extracts multiple regions from an image and subsequently applies
a generic image classification algorithm to these regions. The RPN plays a crucial role in
predicting the ’objectness’ of various regions in the image, essentially determining whether a
region is likely to contain an object or not [Ren et al., 2015].

Faster R-CNN, introduced by Ren et al. [2015], marked a significant breakthrough by
combining RPNs with the traditional object detection pipeline. The RPN generates region
proposals for potential object locations, and these proposals are then fed into the subsequent

37



2 Literature Review

detection network. This modular design not only improves accuracy but also streamlines the
process, making it computationally more efficient. One of Faster R-CNN’s strengths lies in
its flexibility and ease of integration with different backbone architectures, such as ResNet
and VGG. This adaptability allows researchers to leverage powerful pre-trained models, en-
hancing the detection performance across various datasets and domains. However, it’s worth
noting that while Faster R-CNN achieves impressive accuracy, its inference speed can be a
limiting factor in real-time applications. This is primarily due to the two-stage nature of the
framework, where region proposals are generated first and then processed through the detec-
tion network. Despite this drawback, Faster R-CNN remains a cornerstone in the evolution
of object detection frameworks.

Building upon the success of Faster R-CNN, other two-stage detection frameworks
emerged. Notably, the R-FCN (Region-based Fully Convolutional Networks) by Dai et al.
[2016] introduced position-sensitive score maps for object localization, further enhancing
the precision of object detection. Later on, He et al. [2017] introduced Mask R-CNN in
2017, extending the capabilities of Faster R-CNN to include instance segmentation. Mask
R-CNN seamlessly integrates a pixel-wise segmentation branch alongside the existing object
detection components. This addition enables the model not only to identify objects but also
to provide precise segmentation masks for each instance within an image. The introduction
of the mask branch in Mask R-CNN sets it apart from its predecessors, making it particu-
larly valuable in applications that demand precise delineation of object boundaries, such as
in medical imaging or autonomous driving scenarios. Despite this added complexity, Mask
R-CNN manages to maintain competitive inference speeds, making it a versatile choice for
a wide range of computer vision tasks. In terms of performance, Mask R-CNN consistently
outperforms its predecessors in benchmarks for instance segmentation. The incorporation
of the mask prediction does not compromise the accuracy of object detection, showcasing
the robustness of this framework.

Single Stage Detection Frameworks In contrast to the two-stage frameworks,
single-stage detection frameworks, also known as unified detection frameworks, aim to sim-
plify the object detection process by directly predicting object bounding boxes and class la-
bels in a single pass. These frameworks eliminate the need for a separate region proposal step,
making them computationally more efficient.

The seminal YOLO (You Only Look Once) model, introduced by Redmon et al. [2016],
revolutionized the field of object detection by presenting a single-stage architecture capable of
real-time processing. YOLO divides the input image into a grid and predicts bounding boxes
and class probabilities directly from each grid cell, thereby achieving remarkable efficiency
by, literally, looking only once at the input image. YOLOv2, also known as YOLO9000,
also introduced by Redmon and Farhadi [2017], marked a significant evolution by tackling
the challenge of handling a vast number of object categories. The model incorporated a hi-
erarchical labelling approach, leveraging an extensive dataset with a diverse range of classes.
YOLO9000 implemented joint training on the COCO dataset and an auxiliary dataset, Im-
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ageNet, containing a more extensive set of classes. This allowed YOLOv2 to simultaneously
detect a wide range of objects, including those not present in the COCO dataset.

Following YOLOv2, YOLOv3, proposed by Redmon and Farhadi [2018], made substan-
tial contributions to both accuracy and efficiency. YOLOv3 introduced the concept of a
"darknet-53" backbone, a deeper and more complex neural network architecture compared
to its predecessors. The darknet-53 backbone aimed to capture more intricate features and
representations, enhancing the model’s ability to discern objects in complex scenes. Addi-
tionally, YOLOv3 incorporated a feature called PANet (Path Aggregation Network), which
facilitated information flow across different scales, improving the model’s handling of objects
at varying sizes. Joseph Redmon — the original author of the YOLO model, has famously
stopped publicly available computer vision work after the release of YOLOv3, citing con-
cerns over the misuse of these models. Despite this, his range of models have introduced
many novel and groundbreaking ideas in the realm of computer vision, most notably the use
of k-means clustering to determine ideal bounding box sizes from the dataset, as well as the
notion that one dense network is sufficient for object detection.

Several further advancements were made after YOLOv3, such as YOLOv4 by Bochkovskiy
et al. [2020] YOLOv5 by the Ultralytics team Jocher [2020], YOLOv6 by Li et al. [2022],
YOLOv7 by Wang et al. [2023] and YOLOv8 by the Ultralytics team . Another notable ad-
vancement is the SSD (Single Shot MultiBox Detector), proposed by Liu et al. [2016]. SSD
is an object detection algorithm that operates by using a unified, single neural network to
predict object bounding boxes and class scores in a single pass through the network. SSD
is designed to address the challenge of detecting objects at different scales within an image
efficiently. The architecture consists of a base convolutional network, often based on a pre-
trained model such as VGG or ResNet, followed by a set of additional convolutional layers of
varying sizes and aspect ratios. These layers are responsible for capturing features at different
scales and resolutions. For each spatial location in these layers, SSD predicts multiple bound-
ing boxes with different aspect ratios and scales, along with confidence scores for different
object classes in a similar vein to YOLO’s output bounding boxes. The final predictions are
obtained by combining these predictions across all spatial locations and scales through non-
maximal suppression. This design allows SSD to efficiently handle objects of various sizes in
a single forward pass, making it suitable for real-time applications where speed and accuracy
are crucial.

2.4.4 Segmentation

In contrast to object detection, the task of detection poses much greater challenges for com-
puter vision. Segmentation entails the task of individually assigning each object/background
of the scene with a class label. There currently exist two general paradigms for segmentation,
semantic and instance. Semantic segmentation involves classifying each pixel in an image into
specific classes or categories. The goal is to partition the image into meaningful segments,
where each segment represents a region with similar semantic content. For example, for an
image containing a dog, a car, and a person, semantic segmentation would assign a label to
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each pixel indicating whether it belongs to the "dog" class, the "car" class, the "person" class, or
another predefined class. Instance segmentation, on the other hand, not only identifies and
classifies objects in an image but also distinguishes between individual instances of each class.
In an image with multiple dogs, instance segmentation would not only recognize each dog as
a "dog" but also provide a separate mask for each dog, uniquely identifying and distinguishing
between them.

Segmentation is not an isolated field but can be considered as a natural progression from
coarse to fine detection. For this reason, a lot of the core technologies utilized for object
detection is leveraged over the segmentation tasks. These include the hitchhiking off back-
bone networks such as AlexNet, VGG, GoogLeNet, ResNet and other famous architectures
utilized for the task of object detection. Similar to object detection, transfer learning is also
commonly exploited as the core datasets for image segmentation are usually not as abundant
in volume as object detection datasets due to the expensive annotation cost of per-pixel la-
belling.

Semantic Segmentation One of the first successful semantic segmentation model is
the unimaginatively-named Fully Convolutional Network (FCN) [Long et al., 2015a]. The
core idea of FCN was to take existing convolutional networks and to fully convolutionalize
them by removing the fully connected head and replacing it with a transposed convolution
with the same output resolution as the input image. The authors experimented by perform-
ing predictions on different feature maps throughout the network as well as with different
backbone networks such as VGG, GoogLeNet, and AlexNet. The work here is considered
the cornerstone in all semantic segmentation tasks and shows the power of convolutional net-
works in predicting dense prediction masks over images. They also presented one of the main
troubles of segmentation that is not present with object detection – the case of lack of global
context when performing local pixel predictions.

The natural progression from FCN is for the single transposed convolution pixel wise pre-
diction layer to be replaced by multiple layers gradually increasing in size In general, the part
of the network which was taken from classification networks is often termed the encoder
network, whose core functionality is to take an input distribution and encode it into a lower
resolution latent space through the mapping. From here, a form of decoder network, which
is simply a series of transposed convolutions, takes this latent variable and simply maps it
into the intended output distribution through a series of transposed convolutional layers.
A softmax classifier then takes the final output and regresses the predictions onto the final
class labels for each pixel to obtain the output. One example of this decoder network is Seg-
Net [Badrinarayanan et al., 2017]. Very soon, The residual U-Net was introduced by [Ron-
neberger et al., 2015]. The Residual U-Net is arguably the powerhouse of segmentation tasks
as of the time of writing. The U-Net architecture itself was designed for biomedical image
segmentation tasks, particularly for the segmentation of neuronal structures in electron mi-
croscopic stacks. It builds upon the original U-Net, also used in the SegNet architecture, by
incorporating residual connections, inspired by the success of residual networks (ResNets)
in image classification tasks. By integrating residual connections into the U-Net architec-
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ture, the Residual U-Net enhances information flow during both the encoding and decoding
stages while also helping to alleviate the vanishing gradient problem and facilitate the train-
ing of deeper networks. This resulted in more stable and faster training for larger and more
performant networks.

Instance Segmentation In contrast to semantic segmentation, instance segmentation
is a much harder task. The main reason for this is because each separate instance of a class
label needs to be identified. This process is not straightforward as the number of instances of
the same object is not known, and hence common techniques in deep learning where ‘con-
tainers’ are designated for each object cannot be applied. And unlike object detection, merely
making overpredictions and then applying non-maximal suppression is not a wise move be-
cause while object detection regimes need to predict 4 values per prediction – positions plus
box width and height – instance segmentation requires the prediction of easily hundreds of
pixels per prediction, and there is no trivial method of suppression once the predictions are
made. Like object detection however, there are primarily two variants of instance segmen-
tation, namely the same two-stage and unified framework methods, with the latter method
being the category of more state-of-the-art variants, being able to run faster and more accu-
rately.

In large, there are two variants of two stage instance segmentation frameworks — detection
followed by segmentation and pixel labelling followed by clustering. The former method is by
far the most popular method as it requires minimal redesign of any network. The core prin-
ciple is to take a conventional object detection framework, like YOLOv3 or Faster RCNN,
and add on a mask prediction head. Conceptually, for each candidate object, predict a class
label, a bounding box offset, as well as an object mask. Such an architecture was introduced
by the Mask RCNN seminal work He et al. [2017]. Another popular approach to instance
segmentation that takes inspiration from a Mask RCNN like architecture includes Hybrid
Task Cascade (HTC) [Chen et al., 2019a]. HTC is a hugely complicated network, drawing
inspiration from Mask RCNN and Cascade RCNN collectively while adding on more novel
features. HTC relies on the idea that instance segmentation tasks should not be performed
in parallel with object detection, but that semantic segmentation and object detection out-
puts can be used to boost the performance of instance segmentation in a non-trivial fusion
manner. HTC uses an FPN network as the backbone network, generating an output fea-
ture map. From this feature map, a semantic segmentation branch is added on to produce a
semantic segmentation mask map. Separately, an RPN extracts high-level regions from the
feature map, and bounding box detection is performed on these individual regions. In con-
trast to vanilla Faster RCNN which takes the regions as indication of individual bounding
boxes, HTC uses Cascade RCNN and performs bounding box prediction and refinement on
each region. These bounding box regions are then repeatedly sent for refinement and more
bounding box predictions. In addition, instance segmentation masks are also performed on
each of these regions. Finally, using all the generated segmentation masks, HTC fuses this in-
formation with the semantic segmentation mask to perform the final set of instance segmen-
tation predictions. As a result of such a large architecture, although HTC gets a few points
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of accuracy over previous implementations on reference benchmarks, it also runs at less than
half the inference speed of Mask RCNN, at 2.5 FPS optimally. If anything, HTC shows
that allowing DCNNs to perform detection at scale through tremendous manipulation and
flow of information produces good results, the compromise to computational requirement
is obvious and a wall of diminishing returns is to be expected.
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2.5 DetectingMaintenance Needs on Railway Tracks
using UAVs and Computer Vision

Implementing deep learning models for the detection of maintenance needs on railways
presents its own set of challenges. Unsurprisingly, an extensive amount of research has been
done in this sector, culminating in a multitude of specialized algorithms and methods for
more effectively deploying deep learning techniques in this field.

2.5.1 Railway TrackMaintenance Challenges with UAVs and
Computer Vision

Aside from logistics challenges relating to legal and intellectual property hurdles [Opera-
tions, 2023], attempting to build deep learning models for maintenance detection on rail-
ways presents its own suite of challenges. One may assume that it is simple to gather large
amounts of data and implement a machine learning model over that data. However, reality
is far from that case. Primarily, the proportion of defects to non-defected track components
is extremely low. For instance, railway tension clamps or clips have a failure rate of 0.17%
after about 1.5 years [Kim et al., 2022]; railway sleeper design codes (UIC-713; AREMA;
EN13230-2; AS1085.14) assume a sleeper lifetime of 50 years. These statistics make it very
difficult to gather balanced datasets with good coverage over all possible failure types of each
component. While various sampling techniques can be used to mitigate imbalanced observa-
tions in the data, this severe lack of appropriate data may make it difficult for deep learning
models to make accurate predictions, even after being trained with various sampling and data
augmentation techniques. For example, a component on the railway may fail in a manner that
has not been represented by the dataset, causing classical supervised learning techniques to
fail.

This difficulty of generating holistic datasets is the reasoning for there being a lack of open
source labelled datasets for detecting railway maintenance issues, despite the ease of large scale
data collection. This is attributed to the aforementioned low amounts of defect data, but also
to the labor-intensive and expensive process of image labelling. Defect detection requires ex-
tensive domain knowledge and expertise, while data labelling requires copious amounts of
time and patience. These two requirements for forming high quality datasets do not com-
monly overlap. In addition, due to the high variance in video camera parameters, train vehicle
models, railway track types, environmental setting, lighting conditions and weather changes,
a high quality dataset for railway tracks in one region may not transfer well to a railway track
in another, limiting value when determining whether to create the dataset in the first place.

Inline with the difficulties of dataset creation, what follows is the final hurdle — a lack
of openly available benchmarks. Benchmarks are an important aspect when developing any
algorithm. A lack of benchmarks makes it it virtually impossible to compare the performance
of one algorithm against another in literature. From this perspective, it becomes very difficult
to determine whether newly developed models for the same tasks are even worth pursuing.
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2.5.2 Maintenance Needs Detection Techniques

We classify machine learning techniques that can be used for maintenance needs detection
into two categories — direct detection and anomaly detection. Direct detection involves train-
ing a model in a supervised manner on a set of labelled data, where the labels are typically ei-
ther "ideal" or "maintenance-required", and then directly using the model predictions on new
data in inference. Anomaly detection involves training the model on only non-anomalous
data in either a supervised or unsupervised manner, and then applying statistical inference
techniques on model predictions made on new data to determine whether the datapoint is
anomalous.

More concisely, anomaly detection refers to the task of identifying rare or unusual pat-
terns or observations within a dataset that deviate significantly from the norm or expected
behaviour. By analyzing historical sensor data or performance metrics, anomaly detection
algorithms learn the normal patterns, ranges, and variations of various parameters such as
temperature, pressure, vibration, or power consumption. Once the baseline behavior is es-
tablished, anomaly detection algorithms continuously monitor real-time sensor data or per-
formance metrics. Any deviation or unusual pattern that differs from the established baseline
beyond a set threshold is flagged as an anomaly. These anomalies can then be passed to verifi-
cation systems for evaluating the severity of potential faults or failures before they cause major
breakdowns or disruptions. Due to the challenges of obtaining balanced datasets of anoma-
lous and non-anomalous data (discussed in section 2.5.1 on the previous page), anomaly de-
tection is of particular interest to us, since obtaining a large amount of railway data under
normal operating conditions is simple.

Reconstruction-based Anomaly Detection From the perspective of over-
parameterized deep learning models, anomaly detection can be classified into two variants
— reconstruction based and uncertainty based. Reconstruction based anomaly detection is
an unsupervised learning technique that uses the concept of reconstructing the input data
to identify anomalies. Reconstruction-based anomaly detection has been successfully per-
formed in literature for a variety of tasks [Zavrtanik et al., 2021a,b]. For railways, it has also
ben applied for the task of foreign debris detection [Gasparini et al., 2020, 2021]. There are
primarily three steps to this:

1. Training Phase A dataset of anomalous and non-anomalous data is obtained, and a
reconstruction model with an information bottleneck is applied strictly to the non-
anomalous dataset. This allows the model to learn patterns from normal data. The
simplest example of this is to utilize a variational autoencoder [Kingma and Welling,
2014] to reconstruct input data.

2. Characterisation Phase Data points from the anomalous and non-anomalous data
are then passed through the model. The discrepancy between the input and output
data is measured. This discrepancy can be measured using various metrics, such as the
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mean squared error loss, binary cross entropy loss for binary data, or statistical mea-
sures such as the Kullback-Leibler divergence measurement. By passing all the avail-
able data through the model, a characterisation of the reconstruction discrepancy be-
tween anomalous to non-anomalous data can be formed. Under ideal circumstances,
the range of values for anomalous data should have a non-negligible difference when
compared to those of non-anomalous data. More realistically, however, the difference
in reconstruction discrepancy between anomalous and non-anomalous data is depen-
dent on the complexity of the data and the model, and having a noticeable difference
between the two modes of data is not always guaranteed. In this case, the characterisa-
tion phase is used to study the distributions of reconstruction discrepancies between
the anomalous and non-anomalous data. If no noticeable difference can be measured,
it is likely that the model used is over-parameterized or that there may be insufficient
complexity in the data. Both cases would warrant going back to the training phase.

3. Inference Phase New data is passed through the model. Given a suitable reconstruc-
tion discrepancy threshold obtained during the characterization phase, any data point
that causes the model to produce a reconstruction discrepancy beyond the selected
threshold has the potential to be anomalous, which warrants a human or additional
validation to be classified as anomalous.

Uncertainty-based Anomaly Detection Meanwhile, uncertainty-based anomaly
detection relies on machine learning models performing an auxiliary predictive task on data
while also emitting an epistemic uncertainty measure about said detection. This uncertainty
measure is then directly utilized as a flag for the presence of anomalies. The two primary
paradigms of uncertainty estimation can be classed into frequentist and Bayesian methods.

Note we refer to epistemic uncertainty in this case, which refers to ‘uncertainty in
the model’. This form of uncertainty stems from insufficient support in the train-
ing data and/or insufficient representational power in the learning model. Epistemic
uncertainty differs from aleatoric uncertainty, which refers to variability in the data
itself.

Frequentists Methods for Uncertainty Quantification Frequentists meth-
ods are extensively studied algorithms for uncertainty estimation. The core idea involves uti-
lizing models where the default, untrained output support corresponds to a uniform distri-
bution over the entire output space. The models are then iteratively updated to concentrate
the output support in areas where actual data reside. More formally, let x be an input data-
point and y ∈ Y be the corresponding label. The model is described as a probability distri-
bution over the output space given an input, denoted as fθ(x) = P(y). Frequentist methods
aim to train models where the distribution over output labels for unseen inputs approximates
fθ(x) ≈ U(Y). During training, the model is updated to make fθ(x) closer to 1.
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This can be achieved through various means. One approach is to represent the model as an
ensemble of predictors fθ = {fθ1 , fθ2 , ...}, each predictor being different or having a different
set of initialization weights. Each predictor is then trained in a normal supervised learning
manner. During inference, the model uncertainty is then represented by the disagreement
between each model. Various measures of disagreement include Kullback-Leibler divergence,
prediction entropy, or even the standard deviation across each predictor. A slight variation of
initializing an ensemble of models is to utilize Monte Carlo dropout on a single large model.
In this case, multiple predictions are made with the same model, with random weights being
set to zero in each prediction.

Bayesian Methods for Uncertainty Quantification On the other hand,
Bayesian Methods are a less studied form of uncertainty estimation in the context of deep
learning, but much more explored in the context of classical machine learning. In contrast
to Frequentist methods, these methods aim to model evidential priors over the predictive
distribution. For tasks involving multiple possible outcomes, you can represent the predic-
tions using a Dirichlet distribution, which consists of a set of positive values. The number of
these values matches the number of outcomes, and they depend on the model’s input. When
making predictions, the results are normalized to create probabilities over outputs. The un-
certainty of the model’s predictions can be measured as the inverse of the sum of these values,
indicating how spread out the probabilities are. This technique for uncertainty estimation
was made popular the context of deep learning by Sensoy et al. [2018]. For predictions with
continuous outputs, one can simply model the prediction as a Gaussian distribution, where
the mean of the distribution is sampled from a conjugate prior (also a Gaussian) while the
variance is sampled from a Gamma distribution [Amini et al., 2020]. The conjugate prior
and the Gamma distribution are the targets to be learned during training.

Another form of Bayesian methods include Bayesian neural networks, which are a type of
neural network that incorporates Bayesian principles into their architecture and training pro-
cess. In a Bayesian neural network, instead of having fixed values for the network’s weights,
these parameters are assigned prior distributions. These prior distributions capture the beliefs
about the possible values of the weights before seeing any data. During training, the network
is updated to find the posterior distribution over the weights given the observed data.

Given any new datapoint, Bayesian neural networks allow for a comprehensive view of the
predictive distribution by propagating the predictive distribution through each weight’s dis-
tribution, in a manner similar to variational inference. In practice, there may not be closed
forms for this to happen for complex networks, and computationally expensive sampling
techniques are often used.

2.5.3 Types of Data for the Detection ofMaintenance Needs on
Railway Tracks

There exist two predominant modes of data used in the detection of maintenance needs for
railways — image and time-series.
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Image data is typically gathered using visual sensors or cameras, and the data is repre-
sented as a 2-dimensional grid of vectors x ∈ RC×H×W where C represents the channel
dimension,H the height of the image in pixels, andW the width of the image in pixels. The
channels of an image are typically of the RGB form, where the three values of each image
corresponds to the intensity of red, green and blue colours. However, other formats for vi-
sual information also exist, such as HSV for hue, saturation and value. Image data can also
be used to represent hyperspectral images, which may have hundreds of channels per pixel.
Hyperspectral images are gathered from hyperspectral cameras — cameras that can see elec-
tromagnetic wavelengths beyond the ranges of visible light.

Time-series data represents a sequence vectors arranged temporally. The most predom-
inant form of time-series data in the field of railway maintenance are frequency against time
data for vibration sensors placed at various key points along a railway. That said, other forms
such as train velocity against time or temperature of track components against time also tend
to be used. From a technical perspective, a recorded video can be considered time-series data,
where the base vectors represent image data.

2.5.4 Deep Learning Applied to DetectingMaintenance Needs on
Railways

Numerous works exist on using deep learning models to assist in railway track maintenance.
We focus on those where applicability to UAV platforms are probable. This limits the scope
to systems which primarily utilize some form of image-based sensor. Broadly speaking, these
techniques can then be classified into two classes — supervised and unsupervised techniques.
Supervised techniques are those which require a dataset of labelled data for the model to be
trained on. Conversely, unsupervised techniques are those which simply require a dataset of
unlabelled data.

Computer Vision via Supervised Learning We focus on maintenance needs detec-
tion using deep learning, for which the lowest hanging fruit is direct supervised learning.
Some of the most popular examples of deep supervised learning applied to railway defect de-
tection utilize the tried-and-trusted YOLO [Redmon and Farhadi, 2018] architecture. For
example, Hovad et al. [2021] utilize YOLO v3 as a supplementary method to existing eddy
current and ultrasonic sensing methods to detect various surface defects which include var-
ious squats and welding defects. They utilized a dataset of 2,155 images collected from a
Eurailscout UST02 recording car in Denmark where images were collected with a line scan
camera. On the other hand, Cui et al. [2023] utilize a modified YOLO architecture with a
custom backbone to perform defect detection on a railway noise barrier in China trained on
2,000 images collected using a manually flown DJI Matrice 300 RTK UAV. The novelty in
their work involves a new backbone utilizing a model with extensive use of skip connections
called SCYNet, as well as data augmentation techniques to expand the training set. Zheng
et al. [2020] also utilizes the YOLO architecture — specifically the v3 variant, but this time

47



2 Literature Review

for defect detection on railway fasteners. This time, a labelled dataset was collected from
Metro Line 8 of Beijing Subway using a downward facing, monochrome camera mounted
on a moving vehicle. A total of 1,800 images were collected at a resolution of 2,048 × 1,024.
Similar experiments of using a YOLO or YOLO-esque object detection framework for de-
tecting maintenance issues in a supervised manner on a labelled dataset were also done by
Lin et al. [2019a] on the national railway line in Taiwan; Hsieh et al. [2022, 2020] used
various YOLO models and a dataset augmented using a Cyclic GAN architecture, also on
the national railway line in Taiwan; Arrosida et al. used YOLO v3 for railway track damage
detection in Indonesia; Zhang et al. [2023] with YOLO v8 and multi-scale heads to detect
cracks on a railway line in China; Wang et al. [2020b] using modified YOLO v3 for detection
of catenary split pins on overhead components, followed by segmentation using Google’s
Deeplabv3 semantic segmentation model, before the result is given to a look-up-table style
classifier to identify faulty pins; and Feng et al. [2020] YOLO with a custom backbone for
railway track surface defect detection; and others.

Outside of object detection, James et al. [2018] utilizes a multistage framework termed
TrackNet for detection of surface defects on railway tracks. The architecture comprises a seg-
mentation head which first segments out relevant sections of a railway track. Then, snippets
of these segments are fed into a binary classifier to determine if a defect exists. A classical U-
Net is used for the semantic segmentation component, while a traditional ResNet is used to
make binary predictions on the resulting segmented image. They test their work on a dataset
of images collected using commercial off the shelf vision track inspection system in Singa-
pore. Chen et al. [2019a] utilize a similar idea, first identifying components then classifying
defects, on the issue of component defect on moving trains. The defects they address include
loose locking plates, closed valves, missing bolts, and eroded bearings on train bogey systems
in China. Yang et al. [2021] explore the idea of using a non-deep learning image segmentation
algorithm to identify potential defects, before using the YOLO algorithm to localize them.
Precise segments of railway track are first extracted using Canny edge detection to identify
the edges of the railway. Then, the GrabCut algorithm is used to semantically segment po-
tential surface defects. Finally, the YOLO algorithm is used to localize those defects on the
railway. Their work shows impressive results, achieving upwards of 97% precision and re-
call on a collection of 4,000 images collected from Jilin, China. Pahwa et al. [2019] aim to
detect faulty valves on a carriage vehicle’s bogey system using a two stage system. They first
utilize a U-Net to semantically segment out valves with pixel precision, and then utilize con-
ventional computer vision techniques and heuristics to identify whether the valve is faulty.
More precisely, they take the semantically labelled valve binary image and split it into a han-
dle and valve body, before measuring the angle between both components to identify faults.
This architecture, coined FaultNet, achieves a 97.26% accuracy on their testing dataset of
73 images. He et al. [2022]’s work aims to identify track defects on MagLev rail systems.
Their dataset consists of images of the MagLev system’s stator coils captured using an on-
vehicle high-speed monochrome camera. To handle the issue of insufficient data, they utilize
a GAN to generate new defects from existing defect images to artificially increase the size of
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the dataset. This dataset is then used to train a modified, lightweight Faster RCNN object
detection framework to identify various faulty components.

This section highlights many landmark works within the field of railway maintenance
needs detection using computer vision. However, they do not cover all possible works out
there given the vastness of the field and high levels of similarity between adjacent implemen-
tations. In the current research, it is consistently observed that when provided with a well-
labeled dataset of images from a specific domain, such as a particular railway track, most su-
pervised learning methods achieve at least 80% precision and recall in challenging scenarios,
often exceeding 90%. Unsurprisingly, with the representational power of modern deep learn-
ing computer vision models built with modern techniques and architectures, when presented
with a dataset of well cropped, clean, and sufficiently labelled images of railway tracks, defect
detecting poses minimal challenge.

Computer Vision via Unsupervised Learning Methods The predominant
method of employing unsupervised learning is for anomaly detection. The most predom-
inant form of anomaly detection for railway applications arise from the use of track side or
carriage riding sensors which detect anomalies in the form of adverse vibrations or delayed
operation indicating a case of impending component failure Rabatel et al. [2009], Shim et al.
[2022], Kang et al. [2018], Bao et al. [2019]. These techniques tend to utilize auto-encoders
or classical machine learning methods such as k-means clustering in order to detect if a read-
ing is outside the norm. Less common methods utilize some form of generative modelling to
reconstruct input signals. The difference in actual signals to the reconstructed signal is then
used as a proxy metric to detect anomalies.

The most interesting applications of this sort of learning is for use with camera data. For
example, to detect the presence of foreign objects on the railway [Gasparini et al., 2020, 2021],
detection of faults in overhead components [Lyu et al., 2019, Chen et al., 2022], or to detect
the presence of discontinuous rails [Jahan et al., 2021]. These applications utilize very similar
approaches which primarily include isolating patches in the image containing components
of concern, and then reconstructing the patch using some form of generative model. This
approach has a high level of feasibility due to the structured method in which the data is
presented to the trained models — they are either images gathered from an ego perspective
view of a forward facing train carriage, or well cropped images of railway line components.
In practice, this has seen a high success rates, with Jahan et al. [2021] in particular quoting a
100% precision and recall on detecting the presence of anomalies on the rail lines themselves
(although their validation and test set utilized less than 1% of the total data available). In
contrast to methods which utilize track side or carriage riding sensors, methods relying on
computer vision pose a unique challenge due to sheer variance of image data. Everything that
a learned model has not seen before may be classed as an anomaly, despite the visual anomaly
never actually being on the effective components of the track itself.

A very interesting use-case of images across the temporal domain is done by Jang et al.
[2019]. In their work, a line scan camera is utilized to capture images of railway track pan-
tographs over a range of time. Since the camera is attached to the roof of a moving vehicle, the
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images of the components are always similar across time. Various components in the image
are first identified using a simplified SSD object detection framework. Then, similar com-
ponents over time are lined up imagewise using the speeded-up robust feature (SURF) and
andom sample consensus (RANSAC) algorithms. Finally, the difference between the two
aligned images are used to identify the presence of defects. Their framework works very well,
achieving up to 97% accuracy on detecting surface defects.

Other Deep Learning Techniques Outside of computer vision, maintenance needs
detection on railway systems have predominantly utilized audio or vibration information to
inform of ill-functioning components. This is particularly true in predictive maintenance
regimes, where one source of very effective data for predicting remaining useful life is vibra-
tion data from onbaord sensors. For example, Davari et al. [2021] utilize an autoencoder
to reconstruct vibration signals from onboard air compressor systems. Differences between
the reconstructed signal and the actual signal indicate deterioration in the component. For a
more comprehensive overview of the current field, De Donato et al. [2022] have published
a very extensive survey of existing deep learning methods applied to railway maintenance de-
tection utilizing video and audio sensors. On another front, Shimizu et al. [2022] utilize a
similar autoencoder structure to reconstruct railway vehicle door closing speed profiles. This
profile is then compared with the actual profile, before being fed into a support vector ma-
chine to identify failing components. Audio/vibration signals can also be utilized to perform
anomaly detection using computer vision models. In one instance, Shim et al. [2022] con-
struct a spectogram using measured vibration at vehicle wheels. This spectogram image is
then fed to a LeNet model to identify instances of wheels with surface corrosion defects.
This approach is similarly adopted by Ye et al. [2023], which demonstrated that, by using a
more powerful computer vision model, such an architecture can be used to accurately detect
the location of the defect on the wheel. Circumventing this two step approach altogether,
Shaikh et al. [2023] instead aim to perform direct detection by passing the audio signal to
a dense neural network, and shows that this can also produce favourable results, achieving
upwards of 90% accuracy and precision on a synthetic dataset.

2.5.5 Summary

Detection methods for railway defect detection range from direct supervised learning to
anomaly detection. These methods effectively utilize various data types, including RGB
images, hyperspectral images, time-series data, and audio/vibration signals, applying deep
learning models such as YOLO and U-Net for supervised tasks or autoencoders and gen-
erative models for unsupervised tasks. However, railway maintenance defect detection faces
significant challenges, primarily due to data imbalance from the rarity of defects (e.g., tension
clamp failures at 0.17% after 1.5 years), high labeling effort requiring expertise, and variabil-
ity in camera settings and environmental conditions, which reduces dataset transferability.
Furthermore, the lack of standardized benchmarks hinders the fair comparison of detection
algorithms, slowing progress.
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This chapter explores the application of reinforcement learning methods to UAV navigation,
contrasting them with traditional heuristic approaches. Reinforcement learning introduces
a novel approach to solving complex challenges such as autonomous navigation. The con-
tribution of this chapter includes the development of PyFlyt, a specialized UAV simulation
software designed to facilitate the training of reinforcement learning agents. Additionally,
this chapter further contributes CCGE, a reinforcement learning algorithm that enables ac-
tor critic reinforcement learning algorithms to more efficiently find solutions under the pres-
ence of a suboptimal oracle policy. Furthermore, Domain Adaptation is investigated as a
promising technique to bridging the gap between simulation-trained RL algorithms, such as
CCGE in PyFlyt, and real-world UAV navigation tasks.

3.1 Core Challenges

The objective of autonomously navigating a UAV along a railway corridor, while intelligently
avoiding obstacles through the application of RL, is a complex task with multiple challenges.
The limiting factor to success is the limited training and interaction time available on an ac-
tual railway corridor. RL relies on an agent repeatedly interacting with an environment, at
first at random, in order to exploit an intrinsic reward function that is typically hand de-
signed. Doing so on an actual railway is infeasible due to safety and regulatory constraints.
In fact, training RL agents from scratch in the real world is only done in very rare laboratory
settings. Therefore, to that end, the predominant way to obtaining competent RL agents for
real world application is through training in simulation, and then performing a Sim2Real
transfer.

In addition, RL relies on effective reward structures for the environment at hand. How-
ever, in the context of flying a UAV along a railway, reliable reward signals may be sparse,
particularly when considering safety-critical events such as obstacle avoidance. One poten-
tial solution to this challenge is to devise a reward function built on the sparse reward envi-
ronment that facilitates meaningful learning through techniques such as reward shaping [Ng
et al., 1999]. Another solution to this challenge involves devising better learning algorithms
that can bootstrap off heuristic information.

The end goal to this section of work was to successfully fly a UAV autonomously along
a section of railway at BCIMO’s private railway facility at Dudley, United Kingdom, under
the permission of BCIMO themselves. This section of railway stretches approximately 250
meters, with a path that is shown overlayed over a satellite map in figure 3.1. The venue itself
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Figure 3.1: The section of railway track where this section of work concerns.

was chosen due to constraints relating to regulation and accessibility. While the section itself
is short and does not possess much in the way of variance, the techniques and algorithms
developed in this chapter are meant to scale to larger domains assuming sufficient data and
range.

3.2 Approach

One key insight when coming up with a solution to this challenge is that all active railway
corridors must be at least the width and height of a freight car to be considered functional.
If this minimum dimension is not met, any maintenance needs detected along the section is
meaningless as this signals that bigger problems are at hand. This is a rarely occurring scenario
in the context of simple maintenance needs detection. Because of this factor, it is reasonable
for us to design a system that aims to fly a UAV along a section of railway, with a hard-coded
start and end point. At any point during the flight, if the RL agent deems that forward flight
is no longer possible, it is a reasonable thing to terminate the flight and signal the requirement
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for human insight. Given this design envelope, there remains two primary design choices —
sensor suite and algorithm.

Sensor Suite Given the proof-of-concept nature of the design, we aim to only utilize
monocular RGB vision, effectively a digital camera. If this single sensor is sufficient to ac-
complish the task at hand, adding more sensors simply allows the implementation of more
robust and powerful algorithms. For instance, adding LiDaR or RaDaR only serves to pro-
vide more information about obstacles.

Algorithm The challenge of bridging the Sim2Real gap is particularly pronounced for
vision-based algorithms designed for real-world deployment. To address this disparity, one
can employ either domain randomization or domain adaptation. Domain randomization,
considered a straightforward end-to-end approach for training RL agents, entails creating
a simulated railway corridor and continually altering textures across surfaces while the RL
agent learns to navigate the railway to optimize rewards. The underlying expectation is that
the RL agent becomes indifferent to variations in texture, color, and lighting, focusing solely
on the essential element — the railway. Although technically viable, the task of designing
the simulation’s railway corridor is intricate, demanding extensive hours of 3D modeling.
Consequently, we have chosen a domain adaptation approach.

Our proposed methodology, illustrated in figure 3.2, seeks to train the RL agent using
semantically labeled images from simulation. Subsequently, a separate model is trained to
convert real-world images into semantically segmented counterparts using real-world images
gathered from manual UAV flights. The integration of these two models end-to-end facili-
tates autonomous flight. This approach allows us to forgo modeling extraneous components
irrelevant to railway flight, such as grass, gravel, and distant objects, as they have no impact
on UAV flight. Consequently, the simulation environment only needs to incorporate the
railway and potential obstacles, streamlining the simulation-building process.
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Figure 3.2: Top level proposed architecture for flying a UAV along a railway corridor separated into
two separately trained components — RL agent training in the top left and segmentation
model training in the top right. The trained models from both training instances (blue
blocks) are combined during deployment in the manner illustrated by the block diagram
in the bottom half of the image.
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Figure 3.3: An image of the UAV used in all tests.

3.3 Hardware Setup

The hardware setup for this project is built for rapid iteration, having a high payload capacity
to potentially carry additional sensors. In actual deployment, the system does not need to be
so large or overbuilt and can be tremendously streamlined. That said, the actual hardware
setup has been included here for sake of reproducibility. An image of the built UAV is shown
in figure 3.3.

• Frame Class: Tarot 650

• Motors: Tarot 4008 330 kV brushless motors

• Power System: 6S 6200 mAh lithium polymer main battery, stepped-down to 12V
for digital electronics

• Companion Computer: Nvidia Jetson Orin Nano Developer Kit

• Flight Controller: Pixhawk 6C

• Remote Controller Link: Express LRS 2.4 GHz

• Camera: Runcam 5 Orange

3.4 PyFlyt - A Python-basedHackable Framework for
UAV Simulation

In the previous section, it was established that training in simulation is the most reliable and
scalable method for training RL agents. Therefore, this section details the development of
such a simulation enviornment for training our RL agent. Some popular open-source UAV
simulation tools include Gazebo [Koenig and Howard, 2004], FlightGear [Perry, 2004], X-
Plane [Garcia and Barnes, 2010], AirSim [Shah et al., 2018], UE4Sim [Mueller et al., 2017]
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Gazebo FlightGear X-Plane AirSim UE4Sim Flightmare PyFlyt
Multiagent Capable Y N N Y Y N Y

Multiple Vehicle Offerings Y Y Y Y Y Y Y
Custom Vehicles Y Y N Y Y Y Y

Custom Environments Y Y Y Y Y Y Y
Installation Scriptable Y N N N N Y Y

First Party Python Support Y N N Y Y Y Y

Table 3.1: Comparison of PyFlyt against other popular UAV simulation tools. "Installation Script-
able" refers to the ability to install using essentially a single command (possibly using a bash
file) without external credential systems, a particularly important trait considering remote
computing cluster systems.

and Flightmare [Song et al., 2021]. However, a majority of them make it very difficult to
modify the underlying environment or don’t have the required modification fidelity for the
actual UAV. For instance, FlightGear and X-Plane are fixed-wing only UAV simulation tools.
AirSim and UE4Sim lack a physics model and are kinematics-only. Modifying the underlying
UAV model in Flightmare is non-trivial. One exceptionally suitable tool for the task is the
Gazebo simulation tool. However, the highly involved structure of installation and robot
construction limits its portability and modularity when running experiments.

To that end, a UAV simulation tool, termed PyFlyt1, was built to fulfill this section of
work. A visual description of the PyFlyt simulation environment is shown in figure 3.4, with
a comparative table of its offerings against other simulation tools in table 3.1. In particular,
the decisions around PyFlyt specifically focuses around the following key features:

• Ease of Use: installation using a single line of code, physics simulation, variable control
and agent loop rates, collisions, multiple UAVs in the same environment, implemen-
tation of various classical control algorithms for low level flight control and extensible
dynamics via the Bullet Physics Engine Coumans [2015].

• Configurability: unlike other tools, users can construct UAVs of any configuration us-
ing modular implementations of basic components such as motors, boosters, lifting
surfaces, gimbals and cameras, all done using a Python interface, wihtout having to
modify PyFlyt’s source code.

• Standardisation: pre-implemented designs for various UAVs along with correspond-
ing environments compatible with the Gymnasium API [Towers et al., 2023], tested
with various RL algorithms.

• Quality of Life Improvements: deterministic simulation depending on initialisation
seed, Continuous Integration (CI) testing on the master repository, a packaging and

1Source code hosted at https://github.com/jjshoots/PyFlyt/tree/master
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release cycle to the Python Packaging Index (PyPI) and autogenerated documentation
website at https://jjshoots.github.io/PyFlyt/documentation.html.

For a more in depth analysis of UAV simulators available at the time of writing, we refer
readers to the excellent paper by Dimmig et al. [2024].

Gymnasiuma [Towers et al., 2023] is an API standard for RL research.
ahttps://gymnasium.farama.org/

Figure 3.4: The PyFlyt simulator, showing some prebuilt UAV - one Rocket, one Fixedwing, one
generic QuadX, and a cluster of three Crazyflie QuadXs.

3.4.1 Overall Architecture

From a design standard, PyFlyt was conceived to have the following core requirements:

1. User friendly installation

2. Time steppable discrete physics time steps

3. Support for user-configurable low-level control for each UAV

4. Variable looprates for physics, control, and RL

5. Automatic physics and collision tracking

6. First party support for arbitrary UAV architectures

7. Easily configured environments

8. Completely Python-based frontend
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UAV Components
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Figure 3.5: Top level overview of the PyFlyt architecture, showing the composition of classes that
make up core UAV flight engine and how it integrates into a Gymnasium environment.
Coloured boxes describe a class definition, while white boxes describe various functional-
ity of the classes.

PyFlyt was designed for the development and testing of RL algorithms for UAVs. As such,
these basic requirements reflect what is required for applied RL research, where rapid iter-
ation and ease of use are paramount. The support of arbitrary UAV configurations is done
through a modularized software interface, where multiple basic components such as motors
and lifting surfaces can be attached together via a coded interface. The components also in-
clude the cameras — gimballed or fixed — with RGB, depth maps, and segmentation maps,
allowing for the development of vision-based RL algorithms.

Since RL is likely only used for high level control instead of having access to low level ac-
tuators, low-level control schemes are supported natively, allowing the mapping of RL agent
actions to setpoints instead of directly controlling raw actuator outputs. Looprates for RL,
control, and physics can also run at different frequencies, allowing the RL loop to operate at
a slower rate than the internal control loop — mimicking what is likely to happen in the real
world.

From the design standard, the Bullet Physics Engine was chosen as a physics engine for
its open-source nature, fast C++ backend, flexible rendering options, time-discrete steppable
physics, Python bindings, and support for various robot file definitions. To avoid obfuscat-
ing usage patterns, PyFlyt was designed using composition as a priority, allowing users to cus-
tomize the simulation environment without relying on inheritance-based approaches [Alam
and Kienzle, 2012, Bitman, 1997].

The library’s architecture is composed of various classes, shown in figure 3.5. At the core
lies the Aviary (defined in PyFlyt/core/aviary.py), serving as a domain for all UAVs. The
Aviary handles collision tracking between entities and performs step scheduling according
to the various looprates. It also includes convenience functions for setting setpoints, arming
status, and flight modes for all UAVs.

The Aviary can accommodate any number of UAVs, each defined by a combination of
a Universal Robot Definition Format (URDF) file and a Python class. The URDF file de-
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Listing 1 Code snippet of interacting with the PyFlyt library. This spawns three separate
drones with different flightmodes, two with optional parameters, with the QuadX model
(drone index 1) commanded to a new position at timestep 500.

import numpy as np

from PyFlyt.core import Aviary

# the starting position and orientations

start_pos = np.array([[0.0, 5.0, 5.0], [3.0, 3.0, 1.0], [5.0, 0.0, 1.0]])

start_orn = np.zeros_like(start_pos)

# individual spawn options for three different drones

rocket_options = dict()

quadx_options = dict(use_camera=True, drone_model="primitive_drone")

fixedwing_options = dict(starting_velocity=np.array([0.0, 0.0, 0.0]))

# environment setup

env = Aviary(

start_pos=start_pos,

start_orn=start_orn,

render=True,

drone_type=["rocket", "quadx", "fixedwing"],

drone_options=[rocket_options, quadx_options, fixedwing_options],

)

# set quadx to position control and fixedwing as nothing

env.set_mode([0, 7, 0])

# simulate for 1000 steps (1000/120 ~= 8 seconds)

for i in range(1000):

states = env.all_states

aux_states = env.all_aux_states

if i == 500:

env.setpoint(1, [1.0, 5.0, 4.0])

env.step()
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scribes the geometrical and physical properties of the UAV, including its mass, inertia, as well
as visual and collision meshes, which can be imported as Digital Asset Exchange (DAE) files
from standard CAD software. The Python class associated with each UAV inherits from a
common Drone Class (defined in PyFlyt/core/abstractions/base_drone.py), which defines
only the core functionality shared by all UAVs, necessary for interfacing with the Aviary. Each
UAV defines its own base control laws, state spaces, actuator mappings, and physical dynam-
ics interactions. The use of Python classes allows for flexibility in defining complex inter-
actions between the UAVs and their environment. In pseudocode, the PyFlyt’s simulation
sequence is shown in Algorithm 4. Example code for interacting with the PyFlyt library is
provided in Listing 1.

Algorithm 4 PyFlyt simulation order of operations
Initialize and spawn in UAVs
(Optional) Initialize and spawn in other entities
(Optional) Define wind field
for as many simulation steps as desired do

(Optional) Receive control setpoints for all UAVs
for all UAVs do

if control loop then
Update low-level controllers, send command to actuators

end if
end for
for all UAVs do

Update actuator forces and torques
end for
Step physics simulation
Detect collisions
Update camera components if any

end for

3.4.2 UAVComponents

The field of engineering often shares common mathematical models across similar compo-
nents. To provide a clear abstraction, PyFlyt offers configurable implementations of com-
mon components used in UAV construction. These components can be imported through
the Python import statement from PyFlyt.core.abstractions import {component}. At the
time of writing, there are six basic components:

1. Motors (defined in PyFlyt/core/abstractions/Motors.py)

2. Boosters (defined in PyFlyt/core/abstractions/boosters.py)

3. Gimbals (defined in PyFlyt/core/abstractions/gimbals.py)
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4. Lifting Surfaces (defined in PyFlyt/core/abstractions/lifting_surfaces.py)

5. Boring Body (defined in PyFlyt/core/abstractions/boring_body.py)

6. Camera (defined in PyFlyt/core/abstractions/camera.py)

Motor A brushless DC motor driven propeller, simply termed motor here, is a propul-
sion unit consisting of a fixed pitch propeller paired to a brushless DC electric motor, com-
monly seen on various UAVs as a means of propulsion. We model the motor’s RPMω as a
function of the throttle input ζ ∈ [−1, 1], using a first-order transfer function plus noise
depending on the motor time constant τm, maximum RPM kω and motor fluctuation stan-
dard deviation σm:

ωt+1 =

(
1

τmrp
(ζkω −ωt) +ωt

)
(1+ σmωtη) (3.1)

Where the subscript t denotes the physics timestep, rp denotes the physics looprate in Hz,
and η is noise sampled from a standard Normal. Depending on the thrust coefficient kF and
torque coefficient kT , this gets turned into a torque and force on the motor:

Tm = kTω
2 (3.2)

Fm = kFω
2 (3.3)

Boosters Unlike electric motors, fueled boosters are propulsion units that produce no
meaningful torque around their thrust axis and have limited throttleability. More crucially,
they depend on a fuel source that depletes with usage, changing the mass and inertia proper-
ties of the UAV. Additionally, some boosters, typically of the solid fuel variety [Abdelraouf
et al., 2022], cannot be extinguished and reignited, a property we call reignitability.

In PyFlyt, the booster is parameterized with total fuel mass mbmax , maximum fuel mass
flow rate ṁbmax , the diagonal elements of the moment of inertia matrix at full fuel load Jxxmax ,
Jyymax , Jzzmax , minimum thrust Tbmin , maximum thrust Tbmax , a boolean for reignitability Ib,
the booster ramp time constant τb and a thrust output fluctuation standard deviation σb.
The booster component also allows placement of the fuel tank at an arbitrary location on
the UAV, useful for simulating jet fuel powered turbojet UAVs which have fuel stored in the
main body and wings.

Fueled boosters have complex mathematical models that drastically change depending
on altitude, temperature, total fuel remaining, and throttle setting [d’Agostino et al., 2001,
Barato et al., 2015, Greatrix, 1995]. In favour of simplicity, we adopt a simpler model for
the booster in PyFlyt, useful as a baseline for developing more complex boosters should the
user see necessary. The control inputs to the booster include a boolean ignition state ι and

61



3 UAV Autonomous Navigation

a normalized throttle setting β ∈ [0, 1]. The minimum duty cycle is defined as the ratio of
minimum thrust to maximum thrust:

λmin =
ktmin

ktmax

(3.4)

Then, the current duty cycle of the booster λ ∈ [0, 1] changes according to the throttle
setting through a first order transfer function, plus some noise modelled similarly to that of
the motor:

λt+1 = IλImb>0

(
1

τbrp
(β(1− λmin) − λt) + λt

)
(1+ σbλtη) (3.5)

Where Iλ is an indicator on whether the booster is lit while Imb>0 indicates the availability
of remaining fuel.

The fuel consumption ṁb of the booster depends on the duty cycle:

ṁb = −λkfrIλImb>0 (3.6)

To prevent reignition of un-reignitable boosters, the booster lit indicator is recomputed at
every timestep:

Iλ,t+1 = (¬Ib ∧ Iλ,t)∨ ιt (3.7)

In short, a booster that is not reignitable cannot be extinguished, while one that is reignitable
can be extinguished and reignited at will.

From here, the thrust output depends on the duty cycle:

Tb = λTbmax (3.8)

And inertia properties of the fuel tank depend on the remaining fuel balance:

Ji =
mb

mbmax

Jimax ; i ∈ {xx, yy, zz} (3.9)

There are several deficiencies with this model. First, it does not model the sloshing of liquid
fuel within the fuel tank. Second, it does not model engine deterioration with the number of
reignitions. Third, solid rocket fuel boosters can have non-linear thrust profiles depending on
the amount of fuel remaining [Püskülcü and Ulas, 2008], this is not modelled in the default
booster model. Lastly, there is presently no limit on the number of times a booster can be
reignited, unlike most liquid-fueled rocket engines [Ma et al., 2018]. That said, it is very
difficult to have a parameterised booster model that suits the wide range of possible boosters
in literature. For that reason, the booster component is designed with generalizability and
simplicity in mind; interested users are encouraged to modify the model depending on their
needs.
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Gimbals An electric gimbal is a powered joint that rotates around two axes. The first servo
motor rotates the joint about the first axis, ca, referenced to the body frame. Similarly, the
second servo motor rotates the joint about the second axis, cb, also referenced to the body
frame. Typically, the two rotational axes are orthogonal to each other, although this is not
a necessity. There are several uses for such gimballing, but the most common application is
for thrust vectoring of propulsion systems [Cen et al., 2015, Kumar et al., 2020, Papachristos
et al., 2014], especially in scaled model rocketry [Jain et al., 2020, Kamath, 2021].

The gimbal is controlled using a normalized input ξi ∈ [−1, 1]; i ∈ a, b and produces
three dimensional rotation matrix about the UAV’s body frame. Configurable parameters
include the unit vectors for the two rotational axes ca, cb, maximumum gimballing angles
kg−a, kg−b, and actuation time constant τg. We utilize the same first order transfer function
when converting input setpoint to actual gimbal angles ϵ:

ϵit+1
=

1

τgrp
(ξikg−i − ϵit) + ϵit (3.10)

Where i ∈ {a, b} is an axis index. To obtain the final rotation matrix, Rodrigues’ ro-
tation formula is used [Valdenebro, 2016]. Let the unit vector for an axis of rotation be
ci = ⟨ux, uy, uz⟩. We then define W as:

Wi =

 0 −uz uy
uz 0 −ux
−uy ux 0

 (3.11)

The Rodrigues’ rotation matrix is then constructed as:

Ri = I + sin ϵiWi +
(
2 sin2

ϵi
2

)
W2
i (3.12)

Where I is the identity matrix. The final rotation matrix is thus:

R = Ra × Rb (3.13)

The term multiplying W2
i is typically written as 1 − cos(ϵi). However, the sine variant

is more numerically stable for values near 2nπ;N ∈ Z. Since Wi and W2
i only depend on

the axis of rotation which is predetermined at initialization, they can be precomputed and
stored, resulting in a very fast computation for the rotation matrix around each axis.

Lifting Surfaces Lifting surfaces are effectively flat plates with an aerofoil cross section
that travel through the air. In doing so, they experience a net force resulting in a lifting force
Fslift , a drag force Fsdrag and a net moment Ts about the aerodynamic center.
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The forces and moments that act on them depend on a number of factors, most notably
the angle-of-attack α and freestream velocity V∞ according to the equation: Fslift

Fsdrag

Ts

 =

CLCD
CM

 1
2
ρAsV

2∞ (3.14)

WhereAs is the area of the lifting surface andCL,CD andCM represent dimensionless lift,
drag, and pitching moment coefficients, forming what we term here as a coefficient vector.

The coefficient vector can be captured in a lift, drag, and polar curve — graphical repre-
sentations of how the values vary with Angle of Attack (AoA). These curves, also known as
a performance profile, are unique to each aerofoil and are often obtained through extensive
Computational Fluid Dynamics (CFD) simulation or wind tunnel testing.

In our approach, we adopt the method proposed by [Khan and Nahon, 2015a] to obtain
the performance profile. Specifically, a lifting surface can be parameterized by its zero-lift
AoA α0, positive stall AoA αstall+ , negative stall AoA αstall− , zero-lift drag coefficient CD0

,
lift coefficient slopeCLα , and a dimensionless viscosity correction factor ksη 2.

The lifting surfaces in PyFlyt can have actuated flaps, hence the term flapped lifting sur-
face. This flap is parameterized with a flap-to-chord ratio — a ratio of how much of the lifting
surface is movable, a flap deflection limit δmax, and an actuation time constant τs. The flap al-
lows the lifting surface to change its aerofoil geometry, consequently altering its performance
profile curves. We employ an approximation by [Khan and Nahon, 2015b] to model this
modification and utilize the familiar first order transfer function to model the flap deflection
δ as a function of time and normalized actuation input ν ∈ [−1, 1]:

δt+1 =
1

τsrp
(νδmax − δt) + δt (3.15)

Our approximation is generally valid for normal operating conditions, but may not accu-
rately model the aerodynamic behavior of the lifting surface in extreme conditions, such as
when experiencing major side slip, highly turbulent air, or supersonic flows.

Boring Bodies The boring body is a body that exhibits no other properties except aero-
dynamic drag. In general, it is parameterized by the normal areas A = (Ax, Ay, Az) and drag
coefficients Cd = (Cdx , Cdy , Cdz) for the 3 body axes. When in motion, the boring body
then experiences a force of F = −0.5ρv2BCdA where vB is a vector of local body velocities
and ρ is the air density, fixed at 1.225 kg m−3.

Camera The camera component allows the development of UAVs with vision-based capa-
bilities. To further expand on this idea, there are no limits to the number of cameras a UAV
can have, and no restrictions on their locations relative to the UAV. This flexibility allows

2Page 112 of [McCormick, 1994].
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simulating stereo vision for depth perception [Iyengar et al., 2021], multiple viewpoints for
collision avoidance [Akinola et al., 2021], or multi-camera resolution [Lee et al., 2022].

The camera in PyFlyt is parameterized with an image pixel height h and widthw, field of
view in degrees, camera orientation and pose relative to the UAV’s body frame, and whether
the camera is gimbal stabilized. The option for gimbal stabilization forces the camera to utilize
rotation about the ground frame X and Y axes, providing a locked horizon view with the
viewpoint following the body frame yaw.

When queried, each camera returns a set of 3 images readily obtained from the Bullet
Physics Engine — an RGB image in Rw×h×4, a depth map in Rw×h×1+ , and a segmenta-
tion map in Zw×h×1 with values indicating the ID of the entity from which the pixel came
from.

3.4.3 Example UAVModels

UAVs are defined using 3 core files — a URDFs file defining the geometrical and inertial
properties of the UAV, a YAML Ain’t Markup Language (YAML) file defining component
parameters, and a Python file defining how the components are attached, low-level control
schemes and input mappings to the different actuators. PyFlyt ships with several default
vehicles that users may use to build their own simulation environments, each defined un-
der PyFlyt/core/drones/*.py. In this section, we detail the design of three such models - a
quadrotor, a fixedwing, and a rocket.

Figure 3.6: The base QuadX model within PyFlyt.
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QuadX The QuadX UAV describes a multirotor UAV in the Quad-X configuration as
described by ArduPilot 3 and PX4 4. It is constructed using four motors attached to four
edges of a boring body. Visually, the QuadX models is shown in figure 3.6.

The QuadX UAV comes with various default control modes that users can build off
using the native register_controller method. These control modes utilize a cascaded
Proportional-Integral-Derivative (PID) architecture [Phang et al., 2012] to achieve increas-
ingly higher levels of attitude control. The implemented controllers allows for the following
setpoint definitions:

• Raw motor outputs

• Angular velocity control and normalized thrust output

• Angular position control and climb rate

• Linear velocity control and yaw rate

• Linear velocity control and yaw angle

• Position control and yaw rate

• Position control and yaw angle

In general, all quadrotor UAVs share a common mathematical model, albeit with varying
physical and geometric parameters, such as mass, inertia, and size, as well as corresponding
control parameters. The QuadX implementation in PyFlyt is generic and allows users to
modify the parameters by passing a URDF and YAML file pair to the underlying QuadX
class. This allows all mass, geometric, and control parameters of a QuadX UAV to be recon-
figured easily.

As a reference, we provide two different QuadX models in PyFlyt. The first is the model
of a Bitcraze Crazyflie 2.x, leveraging the extensive amounts of system identification work
available [Landry et al., 2015, Luis and Ny, 2016, Förster, 2015]. The second model is that of
a generic 1 kg quadrotor UAV with parameters mimicking a generic F450 quadrotor UAV 5,
meant to serve as a starting point for users implementing models of their own without using
a DAE mesh file.

3https://ardupilot.org/copter/docs/connect-escs-and-motors.html#quadcopter
4https://dev.px4.io/v1.10/en/airframes/airframe_reference.html#quadrotor-x
5https://www-v1.dji.com/flame-wheel-arf/feature.html
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Figure 3.7: The base Fixedwing model within PyFlyt.

Fixedwing The Fixedwing UAV in PyFlyt, shown in figure 3.7, is a tube-and-wing air-
craft consisting of five lifting surface components—main wing, left aileron, right aileron,
horizontal tail, vertical tail—and a motor. All of the lifting surfaces except the main wing are
flapped, and they have parameters of an ideal 2D aerofoil. The ailerons have a maximum flap
deflection of 30◦, while the rudder and elevators are limited to 20◦. It has a wingspan of 2.4
m, a nose to tail length of 1.55 m, with a 0.8 thrust to weight ratio. The total mass of the UAV
is 2.35 kg, with 1 kg uniformly distributed in the fuselage, 0.5 kg in the main wing and the
remaining mass distributed among the other lifting surface components.

Figure 3.8: The base Rocket model within PyFlyt.
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Rocket The Rocket UAV is a 1:10th scale rocket closely modeled after the design of
SpaceX’s Falcon 9 6 v1.2 first stage and interstage. The model of the Rocket UAV is shown in
figure 3.8. Mass and geometry properties were extracted from a datasheet by Space Launch
Report 7. It consists of booster, gimbal, and lifting surface components. The SpaceX Fal-
con 9 features grid fins [Washington and Miller, 1993] as supplementary control actuators.
However, at the time of writing, limited studies on the aerodynamic properties of the Falcon
9’s grid fins were made available to the public [Lee et al., 2020]. As a consequence to this
shortcoming, the Rocket’s control fin properties were simply approximated. In addition, the
Bullet Physics Engine approximating the world as a flat 2D surface, it is not feasible to simu-
late the orbital mechanics of the Rocket within the PyFlyt framework.

3.5 PyFlyt Rail Environment

Having developed a flexible, configurable, and highly scriptable environment for simulating
UAVs, the PyFlyt Rail Environment was developed to facilitate the training of RL agents for
UAV navigation along a railway. A render from the environment itself is shown here in figure
3.9. The nature of using only semantically segmented images as inputs to training allows
the simulation environment to forego any form of visual realism, relying only on semantic
similarity between the simulation environment and the real world. The environment itself
adheres to Gymnasium’s environment creation Application Programming Interface (API),
following the standard rules for designing RL training environments.

Figure 3.9: A render of the PyFlyt Rail Environment, showing the segmentation image on the bottom
of the three views shown on the left of the figure.

6https://www.spacex.com/vehicles/falcon-9/
7https://web.archive.org/web/20170825204357/spacelaunchreport.com/falcon9ft.html#f9stglog
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3.5.1 Environment Description

The PyFlyt Rail Environment consists of a single agent-controlled UAV navigating through a
procedurally generated railway. The railway adheres to the standard dimensions of the UK’s
railway, with a width of approximately 1.4 meters, this mirrors what the agent will encounter
in the real world. The agent interacts with the environment at a rate of 10 Hz, while the
underlying flight controller operates at 60 Hz and physics runs at 240 Hz. The low agent
interaction frequency strikes a balance between capturing meaningful state differences and
preventing states from becoming excessively non-Markovian, a phenomena where adjacent
states become too similar preventing the agent from being overwhelmed by simulation noise.

The railway in the environment is practically infinite, relying on a procedural generation
mechanism to extend the railway based on the Euclidean distance between the UAV and the
end of the railway. Various obstacles, including archways, tunnels, and trees, are strategically
placed within 2 meters of the railway to simulate intrusive obstacles along the UAV’s path.
Archways and tunnels are positioned to necessitate the UAV’s navigation beneath them, en-
hancing the complexity of the environment. Obstacles are spawned densely within the en-
vironment, forcing the agent to learn effective obstacle avoidance strategies. The intentional
oversaturation of obstacles challenges the agent to navigate with precision and adaptability.

The environment itself has the following configurable parameters:

• Simulation time before truncation

• Agent control loop rate

• UAV spawn altitude

• Target flight altitude

• Camera resolution

• Camera field of view

• Camera tilt angle

• Maximum yaw rate

• Maximum climb rate

While it is possible to hard code each parameter and train an RL agent in the environment, we
found much better success performing a form of domain randomization on these parameters
to allow the resulting trained RL agent to be robust to environmental uncertainties in the real
world. More precisely, the simulation time before truncation was been set as 60 seconds and
camera resolution was set to 64×64, but every other parameter was uniformly sampled from
the values shown in table 3.2.
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Parameter Value Range Units
Agent control loop rate {1, 2, 4, 10, 20} Hz

UAV spawn altitude [0.5, 1.5] meters
Target flight altitude [0.5, 1.5] meters
Camera field of view [60, 150] degrees

Camera tilt angle [-15, 30] degrees downwards from horizon
Maximum yaw rate [1.0, 2.0] radians per second

Maximum climb rate [0.5, 2.0] meters per second

Table 3.2: Results of training the evidential model on the two datasets.

3.5.2 Observation and Action Spaces

The RL agent receives two types of observations from the environment structured as a Gym-
nasium Dict space:

• Semantically Segmented Images: These 64×64 images, captured from a forward-
looking stabilized camera on the underbody of the UAV, depict the railway and ob-
stacle pixels. Railway pixels correspond to pixels belonging to the rails on the railway
(this excludes the sleepers themselves). Obstacle pixels correspond to pixels belonging
to any object that does not represent the floor, UAV itself, or railway. The image has
two channels — the first represents the pixels that belong to the railway, and the sec-
ond channel represents pixels belonging to obstacles. An example image is shown in
figure 3.10.

• UAV Attitude Information: This includes the unnormalized values for the UAV’s al-
titude, three body-frame linear velocities, and the agent’s past action. The choice to
use a subset of the UAV attitude, specifically linear velocity, is a deliberate decision to
balance information richness with learning efficiency. This choice, combined with a
10 Hz interaction frequency, facilitates smoother learning without overwhelming the
agent with excessive state information.

Figure 3.10: An example of the semantically segmented images that the RL agent sees as an input.
Colors here are only for visualization as the actual agent receives a binary bitmap with 2
channels. White pixels here correspond to railway pixels, while orange pixels correspond
to obstacles such as signs or overhead arches.
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The action space comprises of a discrete braking action and three continuous actions
(body-frame sideways velocity, yaw angular velocity, climb rate), at = {Ibrake, vy, vψ, vz}.
In the environment, the agent has no control over the body-frame forward velocity of the
UAV outside of just braking. This ensures that the UAV continuously moves forward over
the railway at a specified speed, reducing the need to optimize the reward structure for for-
ward flight speed.

3.5.3 Reward Structure

The environment employs a dense reward structure, encouraging the agent to follow an ideal
trajectory directly over the railway at a specified altitude. Deviations from this trajectory result
in decreasing rewards. Collisions with obstacles or loss of sight of the railway incur significant
penalties, leading to episode termination.

More specifically, at each time step t, the agent receives a reward rt = R(t):

R(t) = c1 − c2Icollision − c3Irail-lost − c4Itoo-low − c5Istop − c6d
2
t − c7ψ

2
t − c8h

2
t (3.16)

Where ci, i ∈ {1, 2, 3, 4, 5, 6, 7} represent adjustable coefficients, and:

• Icollision is a binary indicator on whether a collision has happened

• Irail-lost is a binary indicator when the railway is out of sight of the UAV

• Itoo-low is a binary indicator when the UAV goes too low

• Istop is a binary indicator when the UAV slows to a stop

• dt is the distance between the UAV and the closest point on the railway

• ψt is the deviation between the UAV’s heading and the railway’s heading.

• ht is the deviation between the UAV’s current altitude and the specified ideal altitude.

Optimizing the ideal ratios of c1 to c8 is important. c1 serves as a bonus for not terminat-
ing the environment, and in general must have a cumulative value more than all the dense
penalties combined. Without c1, the UAV will be incentivised to prematurely end the envi-
ronment — either by collision or other means — in order to not accumulate excessive penalty.
Meanwhile, c5must be set lower than all the other sparse penalties, as the penalty for stopping
the UAV safely must not be higher than other more catastrophic penalties.

A number of experiments were done to identify good coefficients for this environment.
The process involved first selecting a set of coefficients as a starting point (all 10.0 was selected
as a starting point). A new model was then trained using these coefficients, its behaviour ob-
served visually, and then tweaked by human intuition to steer the behaviour towards certain
desired criteria, such as avoiding obstacles and maintaining view of the track. In our experi-
ments, we found that a good set of numbers for c1 to c8 was:
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• c1 = 10.0

• c2 = 500.0

• c3 = 500.0

• c4 = 500.0

• c5 = 100.0

• c6 = 3.0

• c7 = 3.0

• c8 = 3.0

3.6 Reinforcement Learning using Critic Confidence
Guided Exploration (CCGE)

Selecting the appropriate RL algorithm for training RL agents depends on several factors.
Key among those include deciding whether sample efficiency is a priority and what action
space the target environment uses. For a simulation environment, PyFlyt is not a "fast" en-
vironment. For instance, Mujoco environments [Todorov et al., 2012] can operate at more
than 4,000 times real time speed, facilitating the training of high speed, low sample efficiency
RL algorithms like PPO. By contrast, due to the high fidelity physics simulation of PyFlyt
which incorporates multiple low-level PID controllers in the simulation and the low agent-
interaction frequency of PyFlyt Rail Environment, the simulation environment operates at
about 30 times real time speed. Due to this shortcoming, high sample efficiency algorithms
such as SAC are preferred.

One interesting caveat to training in the PyFlyt Rail Environment is that, in general, a
suboptimal but not-completely-random policy is to simply stay above the railway at a fixed
height while moving forward at the fixed specified speed. Such behaviour is easily imple-
mented, especially in simulation. If RL algorithms are allowed to learn from this suboptimal
policy and then learn obstacle avoidance by itself, dramatic improvements to training sample
efficiency can be achieved. This thought process is the driving factor of an algorithm termed
Critic Confidence Guided Exploration (CCGE) — a new algorithm developed as part of this
research work.

3.6.1 Concept

RL seeks to learn a policy that maximizes the expected discounted future rewards for MDPs
[Sutton and Barto, 2018]. Unlike supervised learning, which learns a function to map data
to labels, RL involves an agent interacting with an environment to learn how to make de-
cisions that optimize a reward signal. While RL has shown great promise in a wide range
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of applications, it can be challenging to explore complex environments to find optimal poli-
cies. This is because complex environments can exhibit very sparse reward signals (such as
the popular Montezuma’s Revenge environment [Salimans and Chen, 2018]) or have many
local minima (such as the extensively studied Mountain Car problem [Sutton, 1995]). Most
popular RL methods employ stochastic actions to explore the environment, which can be
time-consuming and lead to suboptimal solutions if the agent gets stuck in local minima,
which can be true due to the curse of dimensionality or in complex environments where the
reward signal is sparse. In addition, when multiple optimal behaviors are possible within the
reward landscape, it is impossible to guide learning policies towards one particular optimal
behaviour in the context of from-scratch RL.

One technique to circumvent this issue is by incorporating prior knowledge into the learn-
ing process via the use of an oracle policy — a policy that takes better-than-random actions
when given a state observation. Such an oracle policy can be obtained from demonstration
data through behavioral cloning [Bain and Sammut, 1995], pretrained using a different RL
algorithm, or simply hard-coded. That said, it may not be clear how best to incorporate this
oracle policy into the learning policy — and more crucially, when to wean the learning pol-
icy off the oracle policy. In this context, CCGE was developed as an algorithm that seeks to
address these challenges by using uncertainty to decide when to use the oracle policy to guide
exploration versus aiming to simply optimize a reward signal.

The proposed CCGE algorithm builds upon the actor critic framework for RL, where an
actor learns a policy that interacts with the environment while the critic aims to learn the value
function [Grondman et al., 2012]. Many of the most widely used methods in deep RL use the
actor critic framework. For instance, they comprise four out of twelve algorithms in OpenAI
Baselines Dhariwal et al. [2017] and four out of seven algorithms in Stable-Baselines3 [Raffin
et al., 2019]. CCGE works by using the critic’s prediction error or variance as a proxy for
uncertainty. When uncertainty is high, the actor learns from the oracle policy to guide explo-
ration, and when uncertainty is low, the actor aims to maximize the learned value function.
Our intuition is that it is more beneficial to allow the learning policy to decide when to fol-
low the oracle policy, as opposed to competing approaches that dictate when this switching
happens.

3.6.2 Notation

We use the standard MDP definition [Sutton and Barto, 2018] defined by the tuple
{S,A, ρ, r, γ} where S and A represent the state and action spaces, ρ(st+1|st,at) repre-
sent the state transition dynamics, rt = r(st,at, st+1) represents the reward function and
γ ∈ (0, 1) represents the discount factor. An agent interacts with the MDP according to
the policy π(at|st), and during training, transition tuples of {st,at, rt, st+1} are stored in
a replay buffer D. The goal of RL is to find the optimal policy π∗ that maximizes the cu-
mulative discounted rewards E[

∑∞
t=0 γ

trt] for any state s0 ∈ S, where at ∼ π(st) and
st+1 ∼ ρ(st,at).
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Bellman Error Loss Function For Q-networks, the Bellman error is minimized via
the loss function:

LQ(st,at) = E[l(Qπϕ(st,at) − rt − γQπϕ(st+1,at+1))] (3.17)

where l(·) is usually the squared error loss and the expectation is taken over
{st,at, st+1, rt} ∼ D,at+1 ∼ π(·|st+1). In Deep Q Network (DQN), the optimal
policy is defined as π(at|st) = δ(a − arg maxat

Qπϕ(st,at)), where δ(·) is the Dirac
function. This loss function in (3.17) will be used in derivations later in this work.

Soft Actor Critic The SAC algorithm is an entropy regularized actor critic algorithm
introduced by Haarnoja et al. [2018a]. This work specifically refers to SAC-v2 [Haarnoja
et al., 2018b], a slightly improved variant with twin delayed Q networks and automatic en-
tropy tuning. SAC has a pair of models parameterized by θ andϕ that represent the actorπθ
and the criticQπϕ. In a similar grain to DQN, the critic aims to learn the state-action value
function via Q-learning. However, here, the critic is modified to include entropy regular-
ization to promote exploration and stability for continuous action spaces. More concisely,
the actor is driven to take actions that can afford imprecise actions taken in the environment
(the actions commanded by the actor can have variance), thus avoiding cliff-walking scenarios
[Sullivan et al., 2022]. The actor is then optimized by minimizing the following loss function
via the critic:

Lπ(st,at) = −E st∼D
at∼πθ

[Qπϕ(st,at)] (3.18)

Note that we have dropped the entropy term for brevity as it is not relevant to our derivations,
but it can be viewed in the formulation by Haarnoja et al. [2018b].

3.6.3 Epistemic Uncertainty

When optimizing a model, having a measure of distance to model optimality is useful to
understand whether the model needs to be improved or whether the data exhibits too much
variance. In other words, having a sense of model uncertainty versus data uncertainty can
help identify reasons for incorrect predictions. In statistical learning theory, this quantity is
referred to as epistemic uncertainty [Matthies, 2007] or model uncertainty, of which there
are multiple formal quantifications. This quantity is different from aleatoric uncertainty or
uncertainty in the data, which generally refers to the variability in the desired target prediction
conditioned on a data point [Hüllermeier and Waegeman, 2021].

A naive approach to estimating epistemic uncertainty in machine learning models is to
use the variance of model predictions as a proxy metric [Lakshminarayanan et al., 2017, Gal
and Ghahramani, 2016]. Epistemic uncertainty estimation is widely known in Bayesian RL,
which use Monte Carlo Dropout or model ensembles [Ghosh et al., 2021, Osband et al.,
2018, Osband, 2016, Lütjens et al., 2019]. Other examples use Gaussian processes or deep
kernel learning methods to explicitly store aleatoric uncertainty estimates within the replay
buffer [Kuss and Rasmussen, 2003, Engel et al., 2005, Xuan et al., 2018] or distributional
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models aiming to learn a distribution of returns [Bellemare et al., 2017, Dabney et al., 2018].
Such methods allow a direct capture of aleatoric uncertainty, allowing epistemic uncertainty
to be estimated as a function of model variance.

Evidential regression [Amini et al., 2020] aims to estimate epistemic uncertainty by
proposing evidential priors over the data likelihood function. This works very well for data
with stationary distributions, notably in supervised learning [Charpentier et al., 2020, 2021,
Malinin and Gales, 2018]. However, this technique does not extend to non-stationary distri-
butions, a staple in RL.

More recently, Jain et al. [2021] modelled aleatoric and epistemic uncertainties by relating
them to the expected prediction errors of the model. This relation is intuitive as it directly
predicts how much improvement can be gained given more data and learning capacity. They
further demonstrated how to use this prediction in a limited case of curiousity-driven RL, in
a similar grain to Moerland et al. [2017], Nikolov et al. [2018]. We adopt the formalism for
epistemic uncertainty presented by Jain et al. [2021] and present its notation here.

Consider a learned function f that tries to minimize the expected value of the loss l(f(x)−
y) where y ∼ P(Y |x).

Definition 1 The total uncertainty Uf(x) of a function f at an input x, is defined as the
expected loss l(f(x) − y) under the conditional distribution y ∼ P(Y |x).

Uf(x) = Ey∼P(Y |x)[l(f(x) − y)] (3.19)

This expected loss stems from the random nature of the data P(Y |x) (aleatoric uncertainty)
as well as prediction errors by the function due to insufficient knowledge (epistemic uncer-
tainty).

Definition 2 A Bayes optimal predictor f∗ is defined as the predictor fof sufficient capacity
that minimizes Uf at every point x.

f∗ = arg min
f

Uf(x) (3.20)

Definition 3 The aleatoric uncertaintyA(Y |x) of some datay ∼ P(Y |x) is defined as the
irreducible uncertainty of a predictor. It can also be viewed as the total uncertainty of a Bayes
optimal predictor.

A(Y |x) = Uf∗(x) (3.21)

Note that the aleatoric uncertainty is defined over the conditional data distribution, and is
not conditioned on the estimator. By definition, A(Y |x) ≤ Uf(x), ∀f∀x.

When P(Y |x) is Gaussian and l(·) is defined as the squared error loss, an optimal predic-
tor predicts the mean of the conditional distribution, f∗(x) = Ey∼P(Y |x)[y]. As a result,
the total uncertainty of an optimal predictor is equivalent to the variance of the conditional
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distribution. Thus, by extension, the aleatoric uncertainty of any predictor on Gaussian data
trained using the squared error loss is equal to the variance of the data itself.

A(Y |x) = Uf∗(x)
= Ey∼P(Y |x)[l(y− Ey∼P(Y |x)[y])]

= Ey∼P(Y |x)[l(y)] − l(Ey∼P(Y |x)[y])

= σ2|x(Y)

(3.22)

Note that we have chosen to write σ2(Y |x) as σ2
|x(Y) for brevity.

Definition 5 The epistemic uncertainty Ef(x) is defined as the difference between total
uncertainty and aleatoric uncertainty. This quantity will asymptotically approach zero as the
amount of data goes to infinity for a predictor fwith sufficient capacity.

Ef(x) = Uf(x) −A(Y |x) = Uf(x) − Uf∗(x) (3.23)

The right hand side of (3.23) provides an intuitive view of epistemic uncertainty — it is the
difference in performance between the current model and a model that perfectly reconstructs
the conditional distribution of data.

3.6.4 Using Uncertainty for Guidance

Our method of improving sample efficiency with an oracle policy is loosely inspired by the
Upper Confidence Bound (UCB) Bandit algorithm. Assume that we have a critic Qπϕ and
means of estimating its epistemic uncertainty Eϕ. For any state and action {st,at}, we can
assign an upper-bound to the trueQπ value:

QπUB(st,at) = Q
π
ϕ(st,at) + Eϕ(st,at) (3.24)

In a state st, the potential improvement of following the oracle policy’s suggested action āt
can be then canonically written as:

∆(st,at, āt) = Q
π
UB(st, āt) −Q

π
UB(st,at) (3.25)

The term QπUB(st, āt) refers to the upper-bound Q-value when taking the action āt and
then acting according to the learning policy πθ. Now, the decision to learn from the oracle
policy versus the critic can be made by defining the actor’s loss function as either a supervisory
signal Lsup or a reinforcement signal from (3.18) Lπ:

LCCGE(st,at, āt) =

{
Lsup(st,at, āt), if k ≥ λ
Lπ(st,at), otherwise

(3.26)
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where k is computed with:

k =
∆(st,at, āt)

Qπϕ(st,at)
(3.27)

and λ is a constant which we term confidence scale. To put simply, the choice between imi-
tating the oracle policy versus performing reinforcement learning is chosen according to the
normalized potential improvement of doing the former versus the latter. In general, CCGE is
flexible to choices of λ, and we show preliminary results of different values of λ in Appendix
3.6.9.

During training policy rollout, the learning policy may also choose to take the action from
the oracle policy:

at ← {āt, if k ≥ λ
at, otherwise

(3.28)

This allows the learning policy to quickly see the effect of the oracle policy’s suggestions, help-
ful when the learning policy is completely uncertain about its environment at the beginning
of training. We do not do this step at inference or policy evaluation.

3.6.5 Supervision Signal Definition

There are various ways to define the supervision loss Lsup. For continuous action spaces, we
can simply use the squared error loss:

Lsup(st,at, āt) = Eat∼πθ(·|st)
āt∼π̄(·|st)

[||at − āt||
2
2] (3.29)

That said, any other loss function in similar contexts can be used, such as minimizing the
negative log likelihood − logπθ(āt), L1 loss function |at − āt|, or similar. Discrete action
space models can instead utilize the cross entropy loss −āt log(πθ(at)).

3.6.6 Epistemic UncertaintyMetrics for a Critic

We present two metrics for quantifying the epistemic uncertainty of a critic — one based on
Q-network ensembles in a similar grain to past work [Osband, 2016, Clements et al., 2019,
Festor et al., 2021] which we call Implicit Epistemic Uncertainty, and one based on the DEUP
technique [Jain et al., 2021] which we call Explicit Epistemic Uncertainty. We do not argue
which metric provides a more holistic estimate of epistemic uncertainty, interested readers
are instead directed to work by Charpentier et al. [2022] for a more detailed study. Instead,
CCGE simply assumes a means of evaluating the epistemic uncertainty of theQ-value esti-
mate given a state action pair, and these are two such examples.
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Implicit Epistemic Uncertainty

We adopt the simplest form of estimating epistemic uncertainty in this regime using an en-
semble of Q-networks. In SAC, an ensemble of n(=2) Q-networks are used to tame over-
estimation bias [Hasselt, 2010, Haarnoja et al., 2018b]. For every state action pair, a set of
Q-value estimates, {Qπϕ1

, Qπϕ2
, ...Qπϕn

} are obtained. We utilize the variance of these Q-
values as a proxy metric for epistemic uncertainty Eϕ = σ2({Qπϕ1

, Qπϕ2
, ...Qπϕn

}) and set
Qπϕ = min(Q1ϕ, Q

2
ϕ, ...Q

n
ϕ) as is done in the original SAC implementation to obtain k.

Explicit Epistemic Uncertainty

Adopting the framework for epistemic uncertainty from Jain et al. [2021], we derive an esti-
mate for epistemic uncertainty based on the Bellman residual error. More formally, we first
define single step epistemic uncertainty for aQ-value estimate as:

δt(st,at) = Uϕ(st,at) −A(Qπϕ|{st,at})

= l
(
E[Qπϕ(st,at) − rt − γQπϕ(st+1,at+1)

]) (3.30)

This is simply the expected Bellman residual error projected through the squared error loss.
The exact derivation is available in Appendix 2.1.

Then, we propose using the root of the discounted sum of single step epistemic uncertain-
ties as a measure for total epistemic uncertainty given a state and action pair:

Eϕ(st,at) =

[
Eπ,D

[
T∑
i=t

γi−t|δi(si, ai)|

]] 1
2

(3.31)

The intuition here is that δt is a biased estimate of epistemic uncertainty. To obtain a more
holistic view of epistemic uncertainty, we instead take the discounted sum of all single step
epistemic uncertainty estimates as the true measure. In our experiments, we found that taking
the root of this value results in more stable training dynamics.

The value of Eϕ can be estimated on an auxiliary output of the Q-network itself, and
learned by minimizing the residual loss in (3.32):

LE(st,at) = l(Eϕ(st,at) −
(
δt(st,at) + γEϕ(st+1,at+1)2

) 1
2 ) (3.32)

The resulting loss function for theQ-value network for a single state action pair can then be
derived from (3.17) and (3.32):

LE ,Q(st,at) = LE(st,at) + LQ(st,at) (3.33)
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3.6.7 Algorithm

We present the full pseudocode for CCGE in Algorithm 5. The standard parameters for
an actor-critic reinforcement learning algorithm are first initialized. Then, we select a confi-
dence scale that controls how confident the algorithm should be about the learning policy’s
actions. For most tasks, a value of 1 has been found to work well, while smaller values near
0.1 may result in better performance for harder exploration tasks. During environment roll-
out, actions are taken in the environment according to the oracle policy or learning policy
depending on k. Similarly, during policy optimization, the learning policy either performs
supervised learning against the oracle policy’s suggested actions or standard reinforcement
learning depending on k. Algorithm 5 illustrates the pseudocode for CCGE. The deviations
of CCGE beyond the standard SAC algorithm is highlighted in blue text. UpdateCritic is the
standard reinforcement learning value function update, usually done by minimizing (3.17).
CCGE modifies this update to (3.33) using either Implicit Epistemic Uncertainty or Explicit
Epistemic Uncertainty methods.

Algorithm 5 Critic Confidence Guided Exploration (CCGE)
Select discount factor γ, learning rates ηϕ, ηπ
Select size ofQ-value network ensemble n
Select confidence scale λ ≥ 0

Initialize parameter vectors θ,ϕ
Initialize actor and critic networks πθ,Qϕ
Initialize or hardcode oracle π̄

for number of episodes do
Initialize st = st=0 ∼ P(·)
while env not done do

Sample at from πθ(·|st)
Sample āt from π̄(·|st)
Compute k usingQϕ(st,at), Qϕ(st, āt), E(st,at), Eϕ(st, āt)
Override at ← āt if k ≥ λ
Sample rt, st+1 from ρ(·|st,at)
Store transition tuples {st,at, rt, st+1, āt} in D

end while

for {st,at, rt, st+1, āt} in D do
Update criticQϕ ← UpdateCritic(st, at, rt,Qϕ)
Update actor parameters θ← θ− ηϕ∇ϕLCCGE

end for
end for
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3.6.8 Experiments

We implement CCGE on SAC, specifically SACv2 [Haarnoja et al., 2018b], and then eval-
uate its behaviour and performance on a variety of environments against a range of other al-
gorithms. We use environments from Gymnasium (formerly Gym) [Brockman et al., 2016],
D4RL derived environments from Gymnasium Robotics [Fu et al., 2020], and waypoint
environments from PyFlyt [Tai and Wong, 2023]. Following guidelines from Agarwal et al.
[2021], we report 50% Interquartile Means (IQMs) with bootstrapped confidence intervals.
For each configuration, we train for 1 million environment timesteps and aggregate results
based on 50 seeds per configuration and calculate evaluation scores based on 100 rollouts ev-
ery 10,000 timesteps. The results of our experiments are shown in figure 3.11 and figure 3.12
with all relevant hyperparameters and network setups recorded in Appendix 2.4, 2.5, and 2.6.
The experiments are aimed at answering the following questions:

1. Does CCGE benefit most from the supervision signal or the guidance from actions
taken by the oracle?

2. How does CCGE compare over the baseline algorithm with no supervision?

3. How important is the performance of the oracle policy towards the performance of
CCGE?

4. Is CCGE sensitive to different methods of epistemic uncertainty estimation?

5. Can we bootstrap the oracle using the learning policy continuously?

6. How does CCGE perform on hard exploration tasks in comparison to other state of
the art algorithms?

To answer questions 2, 3, and 4, we use the continuous control, dense reward, robotics
tasks from the MuJoCo suite of Gymnasium environments [Brockman et al., 2016, Todorov
et al., 2012]. More concisely, we use Hopper-v4, Walker2d-v4, HalfCheetah-v4 and Ant-v4.
These environments are canonically similar to those used by Haarnoja et al. [2018b] and vari-
ous other works. The resulting learning curves for these experiments are shown in figure 3.11.
For each environment, we obtain two oracles — Oracle 1 and Oracle 2 — using SAC trained
for 250×103 and 500×103 respectively. Both oracles have different final performances that
are generally lower than what is obtainable using SAC trained to convergence. For each oracle,
we evaluate the performance of CCGE using two separate methods of estimating epistemic
uncertainty — the implicit and explicit methods detailed in Sections 3.6.6 and 3.6.6. This re-
sults in a total of four CCGE runs per environment, which we use to compare results against
SAC. We label CCGE with the first oracle as CCGE_1 and with the second, better performing
oracle as CCGE_2. To denote between different forms of epistemic uncertainty estimation, we
further append either _Im or _Ex to the algorithm names to denote usage of either the implicit
or explicit forms of epistemic uncertainty estimation.
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Figure 3.11: Learning curves of CCGE and SAC on Gym Mujoco environments. For the CCGE runs,
the run names are written as CCGE_{Oracle Number}_{Epistemic Uncertainty Estimation

Type}. The oracle policy labelled B denotes the bootstrapped oracle policy.
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Figure 3.12: Learning curves of CCGE, AWAC, and JSRL on three Gymnasium Robotics and two
PyFlyt environments.
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Figure 3.13: Learning curves of CCGE in various modes of supervision on four sparse reward envi-
ronments.
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CCGEResults

CCGEvs. noCCGE Compared against the baseline SAC algorithm, CCGE outperforms
SAC in all cases using the right oracle policy. In some cases, CCGE significantly outperforms
SAC by leveraging the oracle policy to escape local minima early on. The obvious example
here is in the Ant-v4 environment in figure 3.11d. Here, SAC tends to learn a standing con-
figuration very early on, achieving an evaluation score of about 1000. It takes approximately
300 × 103 more transitions before the algorithm achieves a stable walking policy that does
not fall. Using the right oracle policy — in this case a mostly walking oracle with an evalu-
ation score of 2100, CCGE learns a successful walking configuration in approximately 15%
the number of transitions that it takes for SAC. The performance of CCGE in the Ant-v4
environment seems to degrade over time. One possible reason for this could be catastrophic
forgetting due to the limited capacity replay buffer [Isele and Cosgun, 2018], and this is ex-
plored more in Appendix 2.3.

Oracle Performance Sensitivity Most reinforcement learning algorithms that
bootstrap off imitation learning are improved by having higher quality data. CCGE is no
exception to this dependency, as the change in performance from having different oracle poli-
cies directly dictates the learning performance of the algorithm. In particular, a different ora-
cle policy for HalfCheetah-v4 results in CCGE either performing better or worse than SAC,
this behaviour is shown in figure 3.11c. Similarly, when initialized with an oracle policy stuck
in a local minima in Ant-v4 (learning curves starting with CCGE_1 in figure 3.11d), CCGE
causes the learning policy to learn slightly slower than SAC due to it repeatedly reverting to
the suboptimal oracle policy when uncertain. Despite this, the learning policy escapes the lo-
cal minima in about the same time as SAC. This suggests that while CCGE with a bad oracle
policy can hamper learning performance, it does not limit the exploration rate of the learning
policy in general.

Different Epistemic Uncertainty Estimation Techniques We use the same
confidence scale λ = 1.0 for both implementations. The results from figure 3.11 show
that while choice of epistemic uncertainty estimation technique does impact learning per-
formance, the impact is far smaller than a change of oracle policy. More concretely, implicit
epistemic uncertainty estimation works slightly better in Walker2d-v4 and HalfCheetah-v4,
but performs worse in Ant-v4. This is shown in the learning curves ending with Im for im-
plicit method and Ex for explicit method in figure 3.11b, figure 3.11c and figure 3.11d). As
long as CCGE has access to a reasonable measure of epistemic uncertainty, CCGE would
benefit much more from better performing oracle policies than better epistemic uncertainty
estimation techniques.

Supervision or Guidance

Algorithmically, CCGE uses two techniques to incorporate the oracle policy — a supervision
signal induced during the policy improvement phase, and guidance via taking the oracle’s ac-
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tions directly during policy rollout. We conduct a series of experiments using Walker-v4,
Ant-v4, PyFlyt/QuadX-Waypoints-v0 and AdroitHandHammerSparse-v1 with either only
guidance, only supervision, or both enabled to determine the effect that either component
has on CCGE’s performance. More concisely, guidance can be disabled by disabling (3.28),
and supervision signal can be disabled by setting (3.29) to 0. The results are shown in fig-
ure 3.13. In all cases, using the supervision only variant of CCGE produces the worst per-
formance, with performance similar to the base SAC algorithm in the case of Walker2d-v4
(figure 3.13a) and Ant-v4 (figure 3.13b). CCGE performance benefits most from oracle guid-
ance, with the guidance only algorithm performing similarly to the full algorithm in all dense
reward environments. For sparse reward environments, the supervision component in the
full algorithm produces a minimal but non-negligible learning improvement in terms of final
performance in PyFlyt/QuadX-Waypoints-v0 (figure 3.13d) and initial rate of improvement
in AdroitHandHammerSparse-v1 (figure 3.13c).

Bootstrapped Oracle

One advantage of CCGE’s formulation is that it does not make any assumptions about the
oracle policy. In fact, it does not even require the state-conditioned distribution of actions
from the oracle policy to be stationary as required by algorithms such as Implicit Q Learn-
ing (IQL) [Kostrikov et al., 2023]. Therefore, CCGE can function even when the oracle
policy is continuously improving. To test this theory, we evaluated a variant of CCGE where
the oracle policy’s weights are updated to match the learning policy’s weights whenever the
learning policy’s evaluation performance surpasses that of the oracle policy. We use CCGE
with explicit epistemic uncertainty estimation, with the same MuJoCo suite setup as done
previously and the oracle policy initialized using Oracle 2. The resulting runs are labelled
as CCGE_B_Ex in figure 3.11. Surprisingly, we found that using a bootstrapped oracle in this
scenario did not provide any meaningful improvement in performance.

Experiments onHard Exploration Tasks

We evaluate the performance of CCGE on hard exploration tasks against Advantage
Weighted Actor Critic (AWAC) and Jump Start Reinforcement Learning (JSRL) using an
SAC backbone — two algorithms suitable for this setting of learning from prior data in con-
junction with environment interaction which represent the state of the art at the time of
writing. Their performances are evaluated on the AdroitHandDoorSparse-v1 (figure 3.12a),
AdroitHandPenSparse-v1 (figure 3.12b) and AdroitHandHammerSparse-v1 (figure 3.12c)
tasks from Gymnasium Robotics, as well as the Fixedwing-Waypoints-v0 (figure 3.12d) and
QuadX-Waypoints-v0 (figure 3.12e) tasks from PyFlyt. Hard exploration tasks describe envi-
ronments where rewards are flat everywhere except when a canonical goal has been achieved.
For example, in AdroitHandDoorSparse-v1 from Gymnasium Robotics, the reward is -0.1 at
every timestep and 10 whenever the goal of opening the door completely has been achieved.
Similarly, in PyFlyt the reward is -0.1 at every timestep and 100 when the agent has reached a
waypoint.
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The oracles for the AdroidHand tasks were obtained using SAC trained in the dense re-
ward setup until the evaluation performance reached 0.6, requiring about 200 × 103 to
400×103 environment steps in the dense reward setup. The oracle for Fixedwing-Waypoints-
v0 was obtained similarly — using SAC until the agent reaches 3 waypoints during eval-
uation, which happened after approximately 300 × 103 environment steps. For QuadX-
Waypoints-v0, a cascaded PID controller [Kada and Ghazzawi, 2011] which partially solves
this environment is deployed as the oracle policy. The variant of CCGE here uses explicit
epistemic uncertainty estimation.

When compared with other competitive methods on the Gymnasium Robotics and
PyFlyt tasks, CCGE demonstrates competitive sample efficiency and final performance on
most tasks. This implies that CCGE can effectively explore and learn from environments
with sparse rewards, which can be challenging for traditional RL algorithms. Notably,
CCGE excels on environments that require more exploration than incremental improve-
ment, such as AdroitHandPenSparse-v1 (figure 3.12b), AdroitHandDoorSparse-v1 (figure
3.12a), and PyFlyt/QuadX-Waypoints-v0 (figure 3.12e). Its underlying SAC’s maximum
entropy paradigm allows for aggressive exploration, which enables CCGE to quickly sur-
pass the performance of the oracle policy. This is in contrast to AWAC which struggles to
perform much better than the oracle policy due to more conservative exploration. How-
ever, on environments with a more narrow range of optimal action sequences, such as
AdroitHandHammerSparse-v1 (figure 3.12c) and Fixedwing-Waypoints-v0 (figure 3.12d),
AWAC’s more conservative policy updates result in better overall learning performance and
final performance. Interestingly, JSRL fails to perform well in most tasks except one. This
could be due to a few factors, such as its reliance on the underlying IQL backbone or the po-
tential idea that simply starting from good starting states is insufficient in guaranteeing good
performance.

3.6.9 Choosing Confidence Scale

CCGE introduces one hyperparameter — the confidence scale, λ— on top of the base RL
algorithm. We perform a series of experiments to study the effect that this hyperparameter
has on the learning behaviour of the algorithm. To do so, we perform 100 different runs with
λ ∈ [0, 5], and compute mean values over 200k timestep intervals. We plot the guidance ratio
— the proportion of transitions where the learning policy requests guidance from the oracle
policy — as well as the average evaluation performance for the PyFlyt/QuadX-Waypoints-v0
and Walker2d-v4 environments. The results are shown in figure 3.14.

The choice of environment for these sets of experiments, while not exhaustive, were chosen
to study the effect of λ on CCGE in both a dense (figure 3.14a and figure 3.14b) and sparse
reward environment (figure 3.14c and figure 3.14d). As expected, low values of λ result in a
higher guidance ratios, and this is especially true early on in training (before 400k timesteps).
At later stages in training, the effect of λ is almost nullified, likely due to the learning policy’s
performance surpassing that of the oracle policy in all states. In sparse reward environments,
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Figure 3.14: Mean guidance ratio and mean evaluation performance of CCGE on one sparse
(PyFlyt/QuadX-Waypoints-v0) and one dense reward environment (Ant-v4). The results
are averaged over 200k timestep intervals, each line corresponds to 100 different runs us-
ing a range of values for λ.
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a high guidance ratio leads to better evaluation and learning performance; while in dense
reward settings, this effect seems to not be present.

As an overarching recommendation, we suggest λ ≳ 0 (like 0.01) for more sparse reward
settings, higher values seem to have no effect on performance for well-formed dense reward
environments.

3.6.10 Summary

In this section, a new approach for RL called Critic Confidence Guided Exploration (CCGE)
is introduced. This algorithm seeks to address the challenges of exploration during optimiza-
tion. The approach bootstraps from an oracle policy and uses the critic’s prediction error
or variance as a proxy for uncertainty to determine when to learn from the oracle and when
to optimize the learned value function. We empirically evaluate CCGE on several bench-
mark robotics tasks from Gymnasium, evaluating its learning behaviour under different ora-
cle policies and different methods of measuring uncertainty. We further test CCGE’s perfor-
mance on various sparse reward environments from Gymnasium Robotics and PyFlyt and
find that CCGE offers competitive sample efficiency and final performance on most tasks
against other, well performing algorithms, such as Advantage Weighted Actor Critic (AWAC)
and Jump Start Reinforcement Learning (JSRL). Notably, CCGE excels on environments
that require more exploration than incremental improvement, while other methods perform
better on tasks with a more narrow range of optimal action sequences.

3.7 CCGE on PyFlyt Rail Environment

The past three sections have introduced the PyFlyt UAV simulator, the follow up PyFlyt Rail
Environment, and CCGE — a new algorithm for allowing RL algorithms to bootstrap off
oracle policies using uncertainty as a proxy metric. In this section, we detail the design choices
and procedure used to learn a viable policy within the PyFlyt Rail Environment using CCGE.

3.7.1 Suboptimal Oracle Policy

CCGE relies on having an oracle policy serving as a jumping off point for learning policies.
This oracle policy can either be hard coded or learned. In our particular case, hard-coding
an oracle policy provides the most straightforward method of obtaining a competent oracle
policy. We term the hard-coded policy as the heuristic policy in this section of work. In par-
ticular, our heuristic policy aims to maintain the UAV directly over the railway and ignores
the presence of all obstacles — developing a heuristic policy that has built in obstacle avoid-
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ance is possible, but is also something that we can motivate the learning policy to figure out.
Simply put, the heuristic policy follows the following pure-proportional control scheme:

Ibrake = 1 (3.34)
vy = −kydy (3.35)
vψ = kψdpsi (3.36)
vz = kzdz (3.37)

(3.38)

Where k∗ represents control gains,dy represents the distance along the body-framey-axis of
the UAV to railway, vψ represents the difference in angle between the UAV’s the railway at the
closest point to the UAV anddz represents the difference between the UAV’s current altitude
and the target altitude (1.5 meters by default). The various parameters, ky, kψ, and kz were
all tuned by visual verification, and were set to {vy, vψ, vz} = {0.5, 0.25, 1.0} respectively.
Modelling the transfer function of the UAV under the influence of the low-level cascaded
PID control scheme in order to find the control time constant is irrelevant to this piece of
work, and hence is not conducted.

3.7.2 Model Architecture

CCGE’s underlying SAC algorithm uses two models - an actor model which takes in obser-
vations and produces actions, and a critic model which takes in observations and actions and
produces a predicted Q value. In our implementation, we use a single neural network for
the actor, and a twin delayed Q-network for the critic. The critic consists of two networks
of identical architectures with a delayed clone each, resulting in 4 networks for the critic and
1 network for the actor, totalling 5 networks. Since both networks use fundamentally the
same observations, all networks consist of backbones of an identical architecture plus a small
neural network prediction head. In the case of the actor, the prediction head takes in the state
representation computed by the backbone and produces an action prediction. In the case of
the critic, the prediction head takes in the state representation as well as the actor’s action to
produce a predictedQ value. A visual diagram of both models are shown in figure 3.15.

The CNNs utilize the same network architecture, shown in table 3.3. The actor and critic
architectures differ by a single parameter, ne, which is the embedding size. This number
denote the layer sizes of all single-layer neural networks used for both models. All images
and actions were normalized network-side to be in [−1, 1] via a linear scaling. UAV attitude
inputs were not normalized.

3.7.3 Learning Results

Here, we compare the performance of CCGE against SAC on the PyFlyt Rail Environment.
Both algorithms were trained for 200 × 103 total environment steps, taking approximately
10 GPU hours per training session. 10 independent models were trained in the environment
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Figure 3.15: Architecture of both the actor and critic models for processing various inputs from the
PyFlyt Rail Environment. Before both concatenation blocks, the CNNs perform a flatten
operation on their outputs.

Table 3.3: CNN design parameters for both backbones in the CCGE algorithm for training a flying
policy.

Layer # Operation Input Size Output Size Kernel
Size

Pad Size Pool Size Activation

1 Convolution 2@64×64 16@32×32 3×3 1×1 2×2 ReLU
2 Convolution 16@32×32 32@16×16 3×3 1×1 2×2 ReLU
3 Convolution 32@16×16 64@8×8 3×3 1×1 2×2 ReLU
4 Convolution 64@8×8 ne/4@4×4 3×3 1×1 2×2 ReLU
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using a different set of initialization seed each. One evaluation step was run every 20,000
environment steps, where an evaluation score equates to the mean cumulative reward over
20 environment episodes. The IQM evaluation performance for each experiment is then
plotted and shown in figure 3.16.

From the plots, CCGE is able to learn much faster than SAC, showing about double the
evaluation performance before 5×103 at total environment time steps. Beyond that, CCGE
demonstrates similar final performance to SAC, albeit with higher learning variance. Upon
visual inspection of the policies, this is attributed to the learning behaviour of the underlying
algorithm. Because CCGE starts from a suboptimal oracle policy, the final obtained policies
tend to land in one of two camps — overly conservative leading to low evaluation perfor-
mance by favouring braking more often, or overly aggressive, leading to very high evaluation
scores but higher collision rates. Higher variance results in general may not be a great thing,
but it is possible to play this to our advantage because the resulting policies will exhibit a
large range of behaviours. For instance, the presence of many emergent policies means that
decision makers can then decide the nature of policy that is desired for the task at hand.
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Figure 3.16: Results of training CCGE and SAC on the PyFlyt Rail Environment.

3.8 Image SegmentationModel

Part of the roadmap to deploying an algorithm that can fly a UAV along a railway is a com-
puter vision model for taking real images and converting them to semantically segmented
images. This section goes over the data collection scheme, model architecture, and learning
results of applying the model. The work here was supported by BCIMO, who have graciously
allowed us access to their testing railway at Dudley, United Kingdom.
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Figure 3.17: Sample images when manually flying a UAV over BCIMO’s test railway track in Dudley,
United Kingdom.

3.8.1 Data Collection

For data collection, the UAV described in section 3.3 on page 55 was manually flown over
the railway in a variety of angles and heights. The base idea is to generate a diverse set of
images that simulate what the UAV may actually see in autonomous flight. Manual data
collection and labelling cannot happen perpetually as we extend the domain that the UAV
is supposed to fly over — one scalable way of handling this issue is through active learning,
which is the idea of leveraging model uncertainty for the purpose of continuously scaling
datasets automatically. Instead, manual data collection serves as a reasonable starting point
before more scalable and autonomous methods can take over.

The images were gathered using the onboard Runcam 5 Orange camera at a resolution of
3840×2160 in RGB at a rate of 30 Frames per Second (FPS). A sample range of images that
were collected are shown in figure 3.17. They were then labelled using SAM Tool, a tool devel-
oped as part of this section of work that provides a web interface to Meta’s Segment Anything
Model Kirillov et al. [2023], shown in figure 3.18. Every 10th frame from the recorded videos
were added to the dataset, resulting in 1,515 images in total. During labelling, any entity that
could pose as an obstacle to the UAV was labelled as an obstacle. This included signs, bridges,
and outreaching tree branches.

3.8.2 Model Design

Design Criteria Computer vision, in general, is a very well established and successful
field. Our goal is to design a model for segmenting the railways and obstacles out of an image
so that the UAV may fly along the railway track while avoiding obstacles. For modern deep
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Figure 3.18: An overview of SAM Tool, a tool used to label the railway images gathered.

computer vision networks, this is generally not a difficult task. The challenge when applying
it for a UAV flying along the railway is to design a model that can comfortably reside on the
companion computer onboard the UAV alongside the RL agent. This is to allow the entire
software stack to operate at a reasonable frequency of operation.

To decide on the ideal model architecture for the task at hand, the data was first split into
an approximately 66.6:33.3 train:test split, resulting in 1,000 images for training and 500
images for testing. As an evaluation metric, a pixel-wise F1 score was utilized:

F1 =
TP

TP + 0.5(TP + FP)
(3.39)

Where TP stands for true-positives or the total amount of pixels correctly identified, and FP
stands for false-positives or the total amount of pixels wrongly identified. The F1 score has a
range of [0, 1] and is the equivalent of the harmonic mean of precision and accuracy, where 0
corresponds to having 0% precision and accuracy, and 1 corresponds to having 100% precision
and accuracy. Scores in the middle correspond to varying levels of precision and accuracy, e.g.:
a score above 0.9 corresponds to approximately 90% precision and accuracy; 90% accuracy
and 100% recall results in an F1 score of about 0.92.

Model Architecture The Residual Attention U-Net is a CNN with residual connec-
tions, with an attention layer embedded in the deepest layer, a block diagram of the architec-
ture is shown in figure 3.19. This architecture is a natural departure from the U-Net archi-
tecture, and has seen extensive success in various computer vision fields for its high semantic
depth and long range relational capabilities [Chen et al., 2020, Dong et al., 2022, Ni et al.,
2019].

Very early on, we discovered that this architecture yielded very good results on the task at
hand - achieving F1 scores of more than 0.92 in pixel-wise F1-score easily with less than 0.3M
parameters and an inference speed of less than 30 milliseconds on an Intel i5-8265U CPU.
Our focus then shifted from maximizing F1 score to trying to shrink model complexity while
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Figure 3.19: A block diagram overview of the Residual Attention U-Net. The green add blocks indi-
cate an element-wise addition operator.
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maintaining the same F1 score. In other words, how much can we prune down the model
without hurting performance too much?

To begin this search, the following configuration was chosen as a starting point:

• CNN channel count, [k1, k2, k3, k4]: [16, 32, 64, 128]

• Attention embedding size: equal to number of channels in deepest CNN layer

• Number of attention heads, k5: 4

• Number of attention modules in series, k6: 3

k1 to k4 were kept at numbers divisible by 2.

The model was trained for 300 epochs over the training set with a batch size of 32, suffi-
cient for convergence of the F1 scores. The models were optimized with the AdamW [Kingma
and Ba, 2015] optimizer using a maximum weight step of 0.001 with the ReLU activation func-
tion. Random flips and rotations were applied to the training images at a uniform rate, no
random cropping was done — this would result in non-quantizable inputs to the model un-
less the cropped images were upscaled which causes the images to not be representative of
what is seen in deployment. The pruning was done using a Bayesian optimization procedure
which recursively reduces k1 through k6 from the starting point to obtain a decision bound-
ary of parameters that satisfy the original criteria of a 0.92 F1 score. The Bayesian optimiza-
tion procedure used follows the utility, expected improvement, and optimization functions
described in (3.41), (3.42), and (3.8.2).

x = [k1, k2, ...kn] (3.40)

f(x) =

{∑
x if F1 ≥ 0.92∞ else

(3.41)

EI(x) = E [min (g(xbest) − g(x),∞)] (3.42)

xnext = arg max
x

EI(x) (3.43)

Where f represents the utility function used, EI represents the expected improvement func-
tion andg represents the surrogate Gaussian process for modelling f. The top 10 models were
then isolated, and evaluated for their inference time. The parameter set producing the lowest
inference time was chosen as the optimized model. The optimization task was run over the
following range of values:
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• k1 ∈ [4, 8, 16]

• k2 ∈ [4, 8, 16, 32]

• k3 ∈ [4, 8, 16, 32, 64]

• k4 ∈ [4, 8, 16, 32, 64, 128]

• k5 ∈ [1, 2, 3, 4]

• k6 ∈ [0, 1, 2, 3, 4]

FinalModelArchitecture The results from the Bayesian optimization procedure are
shown in figure 3.20. The finalized model architecture utilizes has a 4 millisecond inference
loop time with the following design configuration:

• k1 = 8

• k2 = 32

• k3 = 4

• k4 = 4

• k5 = 4

• k6 = 1

3.9 Chapter Results and Lessons Learned

In this chapter, we detailed steps taken towards deploying an RL algorithm on a real UAV
in the real world. The overall approach first involved the construction of a flexible and hack-
able UAV simulation environment named PyFlyt using the Bullet physics engine. The sim-
ulation tool enabled the construction of a railway track environment on which a UAV was
able to fly in. Then, a novel reinforcement learning algorithm known as Critic Confidence
Guided Exploration was conceived for bootstrapping off a suboptimal oracle policy was in-
troduced. Many ablation tests were done on this algorithm in a multitude of environments
to assess its performance, before it was used to train an agent to fly a UAV within a simulated
environment of a railway track. A visual segmentation model was then trained to perform
domain adaptation in the visual space to deploy the trained agent to the real world. The final
trained image segmentation and RL model was deployed on the hardware setup specified in
section 3.3 on page 55. The entire software stack comfortably operates on the chosen Nvidia
Jetson Orin Nano Development Kit, with the segmentation and RL pipeline operating at
more than 10 Hz consistently. The flight tests were done on BCIMO’s experimental railway
track, as eluded to in the beginning of the chapter. A total of 5 flight tests have been done,
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Figure 3.20: Results of Bayesian optimization over the various model parameters. Each spline repre-
sents one experiment, with the various axes it passes through indicating the hyperparame-
ter values used for that experiment. The final axes at the top with name utility represents
the final utility score achieved for the experiment utilizing that set of hyperparameters.
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with an example of a run indicating the UAV successfully tracking the railway autonomously
is shown in an unlisted YouTube video 8. In multiple test scenarios on the section of track,
the system operated successfully by correctly flying along the railway track without colliding
with obstacles.

3.9.1 Noteworthy Observations

TrainedRLagentshaveone-side biased actions An interesting trait of using RL
on a task such as navigation along a railway is that the agent has asymmetrical actions. More
concisely, when given a image of a railway viewed from the UAV i and a state x, the RL agent
may output action a. Flipping the image left to right, represented here as ī would yield es-
sentially another image of a railway. Additionally, it is also possible to flip all sideways com-
ponents of the x as x̄. More concisely, this means we flip the sign of components such as
UAV side velocity and UAV current yaw rate. One would assume that passing both ī and x̄
would yield exactly ā which is simply a with all sideways components having a flipped sign.
However, because of the nature of RL, this tends to not be the case. As a result, the UAV has
a tendency to cope with left turns better than right turns, or vice versa. At the time of this
work, this is still an open research question.

3.9.2 Non-trivial Lessons

Contrary to what was depicted in this chapter, the path from simulation, novel RL algorithm
training and characterization, hardware setup, and Sim2Real, was far from trivial. Many non-
theoretical and far-from-obvious insights have been gathered throughout the course of its
execution and these are detailed here for any future researchers hoping to carry on research
in this direction.

Hardware robustness is the most important thing to software success.
Regardless of the level of domain adaptation, control prowess, and algorithm sophistication,
hardware robustness is the number one contribution to the success of a project of this scale.
This is simply due to the ease of experiment implementation and iteration. When the hard-
ware cannot be trusted, debugging software that controls the UAV’s motions is virtually im-
possible. As an example, a software defined forward command may produce a backward mo-
tion despite the entire software stack being correctly implemented, simply because the UAV’s
underlying flight controller is poorly tuned resulting in the physical system not performing
as expected. In this scenario, one may opt to flip a sign within software as an easy way of
fixing what was perceived as a bug, thus introducing a new bug that wasn’t there in the first
place. This was evidently the limiting factor to our success. Another instance experienced
during this project is when the UAV’s laser altimeter and compass are externally influenced
by the presence of magnetic and metallic elements on account of the railway tracks. Flying in
this configuration results in a case of confusion on whether the RL agent is giving incorrect

8https://youtu.be/tGpJc04ecKI
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commands, or whether the UAV is perceiving its state wrongly. Ultimately, we found that
reducing the action space down to a single degree of freedom in the real world (yaw rate con-
trol) yielded the most reassuring results, simply because everything else could be debugged
easier.

Deploying an RL algorithm from simulation to the real world will most
likely result in an underdamped system. For robotics tasks, an unintended conse-
quence of RL is that trained agents tend to always achieve perfectly damped response. When
this is taken to the real world, latency, varying loop rates, and environmental disturbance
cause there to be cases where the overall system time constant is much higher. The result of
increasing the system time constant on a tuned control system is very well established — it
leads to an underdamped, oscillating system. This is the exact phenomena observed here, re-
sulting in undesirable and even dangerous execution. The recommendation is to therefore
lower all gains of a trained agent in the real world. One example of this is to reduce the ac-
tion space scaling — reducing the maximum yaw rate of the agent from 3 radians per second
to 1 radian per second. This is easily implemented as a scalar after the output of the neural
network.

99





4 Detection ofMaintenance Needs
on Railways

In the previous chapter, the problem of UAV navigation down a railway corridor was phrased
as a reinforcement learning problem. Then, we introduced a new reinforcement learning
problem termed Critic Confidence Guided Exploration which pushes the state of the art by
allowing reinforcement learning agents to learn from oracle policies. We further introduced
a new UAV simulator specifically catered for machine learning workflows termed PyFlyt.
PyFlyt has a completely Python-driven user experience and is built to be reconfigured for
specific use cases. A railway corridor environment was then built in PyFlyt, where Critic
Confidence Guided Exploration was used to train an agent to fly a simulated UAV down this
simulated railway corridor. Domain randomization and adaptation was then done to adapt
this agent to function in the real world, successfully demonstrating autonomous flight using
reinforcement learning at BCIMO’s test track in Dudley, UK. In this chapter, we study feasi-
bility and challenges when attempting to perform maintenance needs detection from such a
UAV platform. Then, we propose several methods in which computer vision can be utilized
to perform maintenance needs detection using classical supervised learning, before exploring
concepts surrounding anomaly detection using uncertainty quantification. We run our ex-
periments on a variety of datasets, and demonstrate that, for the task of railway monitoring,
regularity in patterns is paramount for detecting maintenance needs.

4.1 Core Challenges

Many of the core challenges for performing maintenance needs detection from data gathered
onboard a UAV are not immediately obvious. First and foremost, the main form of data gath-
ered onboard a UAV platform is visual data in the form of camera-based images. Second, data
gathered along a railway corridor contains a high amount of variance due to varying time of
day, weather (whether it has rained prior to data collection or not), and surrounding scenery.
This alone should generally not prove to be a challenge for deep learning models as long as
a sufficient amount of data is used. However, to compound on this factor, while images
gathered from a UAV platform are useful for providing a variety of view angles, introduces
additional noise to the process due to that very fact. In addition, the ability to fly at vary-
ing heights causes similar components to be captured at varying scales, increasing the scale of
training data required to develop reasonable deep learning models.
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4.2 Approach

I have established that there are a plethora of maintenance needs that can be detected along
railway corridors. I have also established that there are two different methods of detect-
ing anomalies along railway corridors — classic direct detection via supervised learning and
anomaly detection via mostly unsupervised learning methods. We aim to explore both di-
rections in this work by looking at the problem through two different angles. The first is
assuming that the UAV is able to fly fixed paths along the railway corridor, generating highly
structured data over the railway in a variety of lighting and environment scenarios but mostly
from a fixed viewpoint. In this instance, performing the actual UAV flights is a trivial mat-
ter — simply fly the UAV at a fixed height following waypoints that form a railway network
[Bull, 2021]. Under this assumption, maintenance needs detection via classical supervised
learning is possible by exploiting the inherent structure in the railway.

However, there is a possibility that flights are done with ill-defined flight envelopes, lead-
ing to images that are gathered with a variety of viewpoints. Here, we aim to explore using
anomaly detection using uncertainty models instead. The goal is to collect a dataset of rail-
way corridor images gathered from a UAV — a task not done before as of the time of writing.
Then, using this gathered dataset, we aim to explore various techniques for anomaly detec-
tion.

4.3 Datasets

Here, various datasets relevant to railway tasks are described. In particular, the focus is on
datasets primarily with image data, as that is the domain we aim to address. There currently
exist several publicly available datasets, each defined for a different task, typically with vary-
ing viewpoints, lighting conditions, and camera intrinsic and extrinsic parameters. The high
variance betwen each dataset makes it difficult for any one model to leverage all datasets to
tackle a single task. Two additional datasets that have been gathered during the time in this
research work will also be introduced here. One such dataset has been gathered using existing
railway infrastructure, while the other represents a novel dataset gathered from the viewpoint
of a UAV.

4.3.1 Publicly Available

RailSem19 [Zendel et al., 2019] RailSem19 presents 8,500 unique images of a railway
track taken from the ego-perspective of a railway vehicle. Each image contains semantic seg-
mentation annotations that are compatible with many Cityscapes-compatible road labels —
Cityscapes being a class of datasets meant for urban environment scene understanding tasks.
This compatibility means that RailSem19 doesn’t contain labels pertaining to railway com-
ponents, and instead uses the same labels as a Cityscapes-style dataset, segmenting entities
such as greenery, people, road, railway, and signage.
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RailEnV-PASMVS [Broekman and Gräbe, 2021] This dataset has been described as
a perfectly accurate, synthetic, path-traced dataset featuring a virtual railway environment
for multi-view stereopsis (PASMVS) training and reconstruction applications. It consists
of images of a digitally rendered railway across 40 different scenes, totalling 79,800 images
paired with ground truth depth maps, intrinsic and extrinsic camera parameters, pseudo-
geolocation metadata, and binary segmentation masks of all relevant track components. Each
scene is rendered from a set of 3 cameras, positioned for optimal 3D reconstruction of the
rail profile. This dataset aims to serve as a resource for performing 3D railway reconstruction
through metrology techniques.

Rail-DB [Li and Peng, 2022] Rail-DB is a dataset of 7432 pairs of images and annota-
tions of rail lines on a railway corridor. The images are collected from different situations in
lighting, road structures, and views. Similarly to RailSem19, the images are collected from
the ego-perspective of a railway vehicle. Each image contains exactly 4 railway lines.

4.3.2 Obtained During ThisWork

New Measurement Train Captured Railway Image Dataset This is a dataset
of nadir view railway images, captured from a NMT (shown in figure 4.4). The NMT is a 5-
carriage train equipped with a plethora of sensors, one of those sensors is a downward facing
camera intended for capturing high definition images of a rail, its clips, and some section
of sleepers. The data itself was provided by infrastructure company Balfour Beatty during
a collaborative partnership during the duration of the research. The dataset consists of 997
images, some examples of the gathered images are shown in figure 4.2. The fasteners in the
images include fasteners which are occluded, damaged or missing. Furthermore, the fasteners
are exposed under various lighting conditions due to time of day; no artificial illumination is
used. The images also contain fasteners of various types - PR clip, E clip, Fast clip, C clip, and
J clip. Finally, the images are solely black and white, making detection harder by removing
colour information. We refer to this dataset as NMTFastenerSet2020.

UAV-CapturedRailway ImageDataset Outside of performing maintenance detec-
tion on structured camera data, it is important to visit the idea of maintenance needs detec-
tion using information gathered from a flying UAV — the goal of this research work. To
address this challenge, a dataset of railway images gathered from a UAV platform was created
by manually flying the UAV platform described in section 3.3 on page 55 along the railway
corridor owned by BCIMO. We address this dataset as UAVRailSet2023, and as of the time
of writing, such a dataset is not known to us to be available publicly.

The images were gathered by flying the UAV in a Stabilized flight mode, with the gimballed
camera facing anywhere from 70 to 90 degrees downwards from the horizon. Two separate
flights were conducted across two separate days with fairly favourable weather conditions. In
total, approximately 30 minutes of flight footage was gathered at a 3840×2160 resolution,
from which one frame was gathered every 2 seconds, resulting in 930 images. These images
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Figure 4.1: Top level view of FasteNet. During training, the network trains against segmentation
masks. During inference, the network outputs are thresholded before a contour finding
algorithm is applied to find individual fasteners.
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Figure 4.2: Sample images gathered using the NMT. Supplied by Balfour Beatty.
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Figure 4.3: Example images from UAVRailSet2023.

were then hand labelled using the SAMTool, described earlier in section 3.8.1 on page 92.
The labels that were chosen were rail, sleeper, clip and anomalies which encompasses foreign
debris and greenery over the operational sections of the image. Examples of the gathered
images are shown in figure 4.3.

The goal of UAVRailSet2023 was to gather a collection of images forming a dataset of
highly unstructured image data for a railway corridor. As opposed to the datasets used in
earlier experiments, these images were not gathered from a fixed viewpoint, so many of the
exploits used in earlier experiments such as counting number of fasteners per image and poly-
nomial regression for sunkink detection are not applicable. In addition, lens distortion and
the variety of heights and angles make it harder for any structured analysis to be done. The
goal of this dataset is to motivate the study of anomaly detection given arbitrary viewpoints
using deep networks.

4.4 Computer Vision under Ideal Angles

We use the term "ideal angles" to denote cases where the images of the railway come from a
consistent viewpoint. For instance, images of the railway gathered from the consistent ego-
driver viewpoint of a railway carriage, or overhead views of the railway from a fixed height and
offset from the railway. In these cases, we can exploit the structure of the image to identify
any issues with regards to the railway corridor itself. Here, we propose two algorithms for
detecting maintenance needs on railway tracks. The first is on fastener detection, and the
second is on identifying sun kinks.
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Figure 4.4: New Measurement Train operated in the United Kingdom.

4.4.1 Fastener Detection

As a starting point, we aimed to validate whether deep learning models are suitable for main-
tenance needs detection. The scope of the project was simple, we aimed to count the number
of fasteners in an image using the NMTFastenerSet2020 dataset, described in section 4.3.2
on page 103. The act of being able to count fasteners enables the possibility of identifying
missing fasteners. The guiding principle is that there are an even number of fasteners per
length of railway track. This was not a novel task — past examples include the Viola-Jones
algorithm [Xia et al., 2010] and symmetry-based pyramid histogram of oriented gradients
(PHOG) algorithm [Liu et al., 2015]. Gibert et al. [2015] used support vector machines
(SVMs) to perform fastener and defect detection. The work was also extended to fully con-
volutional neural networks [Gibert et al., 2016]. Much later on, Song et al. [2019] utilized
a ResNet18 [He et al., 2016] backbone network on top of Faster-RCNN [Ren et al., 2015].
Their implementation achieved a recall and precision of more than 99% but was capped at
35 FPS on an Nvidia Titan X for 210 fasteners detected per second. Wang et al. [2020c]
proposed using the popular YOLOv2 and YOLOv3 architectures to perform fastener com-
ponent detection. In our case, we aimed for the network to perform fastener detection in
a completely learned manner, and to do it utilizing modern architectures to achieve much
faster fastener detection rates. The lessons here will be used in downstream research.

FasteNet Our solution to this problem is FasteNet - a purely convolutional architecture
that uses contour finding to localize fasteners in an image. figure 4.1 provides a top level
overview of FasteNet’s architecture, as well as training and inference regimes. The input to
the network is a black-and-white image defined here aswi ∈ R1×m×n wherem ↔ 64|m

and n ↔ 64|n. It outputs a saliency map of xi ∈ R1×
m
8
×n

8 . The backbone network of
FasteNet has just-enough layers to provide it with a roughly 64×64 ERF. This is a slightly
hand-wavy method of calculating the ERF; in reality, the ERF more closely represents a Gaus-
sian distribution on the true receptive field Araujo et al. [2019]. This ERF is roughly 1.5×
the size of a fastener in the image. However, using only convolutional and pooling layers to
achieve this ERF would translate to a very poor output resolution of 1/64th the input reso-
lution. Many implementations of object detection work well with low output resolutions by
using multiple bounding boxes per spatial element, and then suppressing repeat predictions
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Table 4.1: Network architecture of FasteNet. The outputs from layer 3 are concatenated channel wise
to outputs of layer 10 to form the input to layer 11.

Layer # Operation Input Size Output Size Kernel
Size

Pad Size Pool Size Activation

1 Convolution 1@ 1600×512 32@ 800×256 3×3 1×1 2×2 Leaky ReLU
2 Convolution 32@ 800×256 32@ 400×128 3×3 1×1 2×2 Leaky ReLU
3 Convolution 32@ 400×128 64@ 200×64 3×3 1×1 2×2 Leaky ReLU
4 Convolution 64@ 200×64 64@ 100×32 3×3 1×1 2×2 Leaky ReLU
5 Convolution 64@ 100×32 128@ 50×16 3×3 1×1 2×2 Leaky ReLU
6 Convolution 128@ 50×16 128@ 25×8 3×3 1×1 2×2 Leaky ReLU
7 Convolution 128@ 25×8 64@ 25×8 1×1 - - Leaky ReLU
8 Transposed

convolution
64@ 25×8 64@ 50×16 4×4 1×1 - Leaky ReLU

9 Transposed
convolution

64@ 50×16 64@ 100×32 4×4 1×1 - Leaky ReLU

10 Transposed
convolution

64@ 100×32 64@ 200×64 4×4 1×1 - Leaky ReLU

11 Convolution 128@ 200×64 1@ 200×64 1×1 - - Sigmoid

Redmon and Farhadi [2017] Fu et al. [2017]. This approach relies on very deep networks to
provide the the output layers with enough semantic value, and then uses bounding boxes to
handle localization precision loss.

Our approach takes a different look at the problem versus previous work. FasteNet uses
transposed convolutions to increase the output spatial resolution to 200×64 (1/8th the in-
put size), and then predicts an objectness score at each output location. To reduce infor-
mation loss and alleviate the vanishing gradient problem Hochreiter [1998], feature maps
from an earlier layer are concatenated to layers before the output layer. 1×1 convolutions are
then used to produce the output saliency map. This allows up to 30 predictions per fastener.
Other tidbits that boost FasteNet’s performance include batch normalization to combat in-
ternal covariate shift during training and to provide regularization. Leaky ReLU units with a
negative gradient of -0.1 are used to prevent dead neurons. The overall network architecture
is shown in table 4.1, note that the spatial size depends on the input size; any input size divisi-
ble by 64 can be computed by FasteNet - our implementation uses an input size of 1600×512
during inference. This varying input size during training (for highly parallel training) and full
resolution images for inference is unique to fully-convolutional architectures, a strong suit of
our implementation.

TrainingandEvaluation The network is trained with 1,000 256×256 random crops
per image for 700 out of 997 available images. The mean squared error (MSE) objective is
used as a loss function, with the Adam optimizer Kingma and Ba [2015] with a learning rate
of 1e-6 and weight decay of 1e-2 is set as the optimizer. The network converges after the
first 20 epochs with a precision of 96% and a recall of 89% when validated on the remaining
297 images. Hard negative mining was then used to train the network on difficult training
images (more than 1 FP or FN). The network was then explicitly trained on these examples
for 2 epochs, before continuing on the whole 700 images for another 2 epochs. This was
repeated 3 times. In the end, a precision of 99% and a recall of 90% was accomplished on the
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validation dataset. Some examples of predictions against ground truth labels are shown in
figure 4.5.

Figure 4.5: Green boxes are FasteNet predictions, red boxes are ground truth annotations. Some ex-
amples of FasteNet predictions against ground truth labels.

Insights As a preliminary experiment, FasteNet provided lots of lessons. First and fore-
most, while FasteNet performed well for a localization task, it showed that perfect image seg-
mentation on objects with arbitrary boundaries is a very difficult task. This is attributed to
the imprecision of human labellers as well as the ambiguity in pixel perfect labels. This is
clearly seen in figure 4.5. While most of the predicted fasteners were localized correctly, their
prediction boundaries never matched up with the ground truths. While this may not be a
problem for localizing fasteners, when extrapolated to more precise objects such as rail lines,
pixel perfect precision starts to become important.

Second, the goal of FasteNet was to initially detect missing fasteners in an image of a rail-
way. However, from the get-go, this proved difficult — there were less than 20 instances of
broken or missing fasteners across all 997 images. Specifically training FasteNet to identify
these missing instances proved impossible due to the low data regime as well as the diversity
in which these fasteners can be missing. Instead, it is much easier to detect the presence of
fasteners, and then count the expected number of fasteners per image as a proxy for missing
fasteners. In this manner, FasteNet is able to "identify" a large majority of missing fasteners
because of its ability to correctly localize what a properly fastened fastener looks like — better
than human annotators as shown in figure 4.6. This implies that it’s much easier to detect the
absence of normally occurring information in an image as a maintenance requirement than
it is the opposite.
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Figure 4.6: Examples of FasteNet being remarkably good at detecting the presence of properly fas-
tened fasteners. Top: Fastenet properly identifies correctly fastened fasteners at the edges
of the image, despite the ground truth not being labelled by human annotators. Bottom:
Fastenet correctly hedges against a broken or missing fastener illustrated with the white
arrow. However, it does make false positive predictions in the bottom half of the image.

4.4.2 Sun Kink Detection

Another case where we can exploit the structure of the images is in sun kink detection, using
a rail segmentation network as a backbone. Railways are pre-tensioned system, in that the
individual rail tracks are stretched during construction, such that under high temperatures,
the expansion caused by temperature fluctuation serves to relieve the compressive stresses in
the track. However, under particularly hot weather or use conditions, extreme temperature
variations under the influence of direct sunlight, can cause the metal rails to expand or con-
tract leading to warping beyond specification, especially when the rails are used repeatedly
without cooling. This expansion and contraction might lead to bending or warping of the
tracks if they are not properly maintained or if there are issues with the track structure. An
example of a track sun kink is shown in figure 4.7 Some ways of circumventing this issue
include novel paints on the railway to reflect heat [Li et al., 2019, Johnson, 2022]. Conven-
tionally, sun kink detection has been done using acoustic and ultrasonic data [Phillips, 2012,
Di Summa et al., 2023, Rustam et al., 2023]. One example recently utilized an region-of-
interest identifier into object detection to identify sun kinks using augmented data [Mittal
and Rao, 2017].
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Figure 4.7: An example of rail track warp caused by excessive heat, also known as a sun kink.

Table 4.2: Network architecture of SunkinkNet. The outputs from layer 3 are concatenated channel
wise to outputs of layer 10 to form the input to layer 11.

Layer # Operation Input Size Output Size Kernel
Size

Pad Size Pool Size Activation

1 Convolution 1@ 1600×512 32@ 800×256 3×3 1×1 2×2 Leaky ReLU
2 Convolution 32@ 800×256 32@ 400×128 3×3 1×1 2×2 Leaky ReLU
3 Convolution 32@ 400×128 64@ 200×64 3×3 1×1 2×2 Leaky ReLU
4 Convolution 64@ 200×64 64@ 100×32 3×3 1×1 2×2 Leaky ReLU
5 Convolution 64@ 100×32 128@ 50×16 3×3 1×1 2×2 Leaky ReLU
6 Convolution 128@ 50×16 128@ 25×8 3×3 1×1 2×2 Leaky ReLU
7 Convolution 128@ 25×8 64@ 25×8 1×1 - - Leaky ReLU
8 Transposed

convolution
64@ 25×8 64@ 50×16 4×4 1×1 - Leaky ReLU

9 Transposed
convolution

64@ 50×16 64@ 100×32 4×4 1×1 - Leaky ReLU

10 Transposed
convolution

64@ 100×32 64@ 200×64 4×4 1×1 - Leaky ReLU

11 Convolution 128@ 200×64 1@ 200×64 1×1 - - Sigmoid
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Figure 4.8: Top level view of SunkinkNet. During training, the model is trained to perform vanilla
image segmentation on the rail tracks. At inference, we fit a second order polynomial to
the contours segmented by the model. Comparing the level of fitness of the curve to a
distribution of past fits allows us to identify outliers.

SunkinkNet Our strategy for performing sun kink detection carries a similar theme to
that of fastener detection — utilize a deep learning model to segment relevant components,
then exploit the structure of the image to detect what obtain what’s required. In this case, we
aim to obtain segmentation maps of the rail tracks, and then fit a second order polynomial
to each segmented contour. This relies on the assumption that the camera view relative to
the rail track is mostly unchanged. Finally, we compare the curve fitness to a distribution
of global curve fitnesses over observed data. The curve fitness refers to some measurement
of how well the second order polynomial fits the contour, whether it be mean squared error
between the contour points and the curve, or maximum deviation. Curves that produce
values in the far outer ranges of the fitness distribution are marked for further investigation
into a potential sunkink. A graphical top level view of this frameowrk is shown in figure 4.8.
More concisely, SunkinkNet exploits the same purely convolutional architecture as FasteNet.
The exact architecture is shown in table 4.2. The main change is that the input to the network
is a full RGB image, and the output size of the network is similar to the input size.

Training and Evaluation For this experiment, we utilize the openly available RailDB
[Li and Peng, 2022]. RailDB is convenient because each segment of rail does not cross other
sections of rail, which is relevant for the task at hand — sun kinks never occur at rail intersec-
tions since relief points are built there. We put all railway segmentations from RailDB into
the same channel, and split it into 75% training set, and 25% test set. This results in 5,574
training images and 2,160 testing images in various lighting and weather conditions. RailDB
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Figure 4.9: Examples of digitally modified images of rail tracks with sun kinks.

itself doesn’t come with sun kink data. In fact, no publicly available dataset has a statistically
significant amount of sun kink data. This is an expected finding since railway defects, as es-
tablished, are a rare occurence. To solve this issue, we adopt the approach used by [Mittal
and Rao, 2017] where image manipulation techniques are utilized to draw sun kinks on ex-
isting images. While this does not yield perfectly representative images of sunkinks in the real
world, at the resolution that SunkinkNet is trained at, the segmentation of the rail tracks still
worked well. Some examples of these modified images are shown in figure 4.9.

All images were rescaled to a size of 270× 480, or about 1/8th the original image size. This
size was chosen through visual inspection of the images to not lose too much detail. The
binary cross entropy loss function was used as an objective to the model, with the AdamW
optimizer [Kingma and Ba, 2015] using a learning rate of 1e-3 with a weight decay of 1e-2 (the
default parameters in PyTorch 2.0). The network converges after the first 50 epochs with a
pixel-wise precision of 82% and a recall of 85% when validated on the remaining 2,160 images.

CurveFitting Several preprocessing steps must first happen after the image is segmented
for curve fitting to happen. To hedge against spurious detections, contours with a pixel count
less thankthresh are eliminated. Visually, the railway track merges together at the far end of the
image due to the vanishing point effect. This is visually observable in the top right image of
figure 4.8. Since the goal is to isolate individual track lines, they must be separated from each
other. This cannot be fixed with simple image distortion correction since the actual pixels
are a cohesive contour. Instead, we opt to simply crop out this section of pixels. The process
used here is simple — detect, from the top of the image, when the first railway track pixel is
detected, then crop a fixed percentage down from that. In our experiments, we found a value
of 15% of total image height works well. These two processes yield a collection ofn contours,
where each contour is made of a series of pixel locations {(x1, y1), (x2, y2), ...(xm, ym)}.
Finally, For each contour in the image (bottom right image of figure 4.8, we swap the x and
y image axes, and fit a second-order polynomial fi(·) for i ∈ {1, 2, ...n} to the points within
the contour by minimizing the mean squared error between each point and their estimated
location on the line Ei = 1/n

∑n
j=1(xj − fi(yj)) (we fit fi using yj as the input variable).

Several methods can be used to then evaluate the fitness of each curve. One may naturally
approach the idea of using the mean squared error as a fitness function. After all, it is already
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Figure 4.10: Distribution of maximum pixel errors between segmented railway tracks and the fitted
line across images in the RailDB dataset.

being used to fit the curve itself. However, for long segments of railway track, it was observed
that the error produced by a sun kink gets averaged out by the mean squared error operator.
This is expected — the mean squared error has resilience to outliers. Instead, a better fitness
function would be and maximum absolute error between all pixels in the contour and a given
curve, ie: Fi = max({|xj − fi(yj)|∀j ∈ {1, 2, ...m}}) which we term here as maximum pixel
error.

Insights The result of running the aforementioned curve-fitting procedure on all the rail-
way track images in the evaluation dataset yields the distribution of maximum pixel errors
shown in figure 4.10, generated by binning all pixel errors into 100 separate bins. This distri-
bution reflects the distribution of pixel errors for normal railway tracks without sun kinks.
Thus, we can draw a threshold on this distribution for values that may represent sun kinked
tracks. Given that we do not have images drawn from the source domain of sun kinked rail-
ways, digitally manipulated images are used instead, and their maximum pixel errors are plot-
ted relative to this distribution, shown in figure 4.3. While we cannot yet draw a probability
value that these images contain sunkinks based on the inferred values for maximum pixel er-
ror, one can imagine a framework where a threshold for images with a maximum pixel error
more than a certain threshold could be flagged for further analysis, either by a separate model
trained specifically to identify sun kinks based on an image recognition framework, or a hu-
man expert.
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6.5 8.5 7.3 10.2

Table 4.3: Digitally manipulated railway track images and their maximum pixel error values when us-
ing the SunkinkNet model.

4.4.3 Other Potential Avenues for PerformingMaintenance
Detection Under Ideal Angles

Outside of fastener (or missing thereof) detection and sun kink detection, various other av-
enues for railway maintenance needs detection can be addressed using computer vision by
exploiting the structure in the data produced by consistent camera viewpoints. This section
aims to outline several avenues where a similar approach can be used, highlighting avenues
for future research.

One prominent example includes insufficient ballast detection. Track ballast is the mate-
rial which forms the track bed upon which sleepers are laid. It is packed between, below, and
around the sleepers with the primary goal of preventing the sleepers from shifting under the
loads and forces induced by a moving overhead train. Insufficient ballasts can cause a variety
of issues in the railway track system, including track instability where sleepers shift and sink
under the weight of a train, increased vibration, and insufficient drainage leading to vegeta-
tion growth within the railway tracks. In the past, Sabato and Niezrecki [2017] have utilized a
3D-image correlation technique using moving cameras to evaluate the health of track ballast
without any machine learning techniques. On the other hand, Mittal and Rao [2017] uti-
lize a single object detection framework to perform insufficient ballast on a dataset of track
images with insufficient ballast. Our proposal for performing insufficient ballast detection is
to train a segmentation model to segment exposed sleeper sides, such as that shown in figure
4.11. This total area of exposed sleeper sides can then be compared against a distribution of
nominal exposure amount to detect the presence of insufficient ballast. Such methods can
also be used to detect defects in railway tunnel walls, as done by various past works [Li et al.,
2021, Farahani et al., 2020, Jenkins et al., 2017], where the regular structure of railway tun-
nel walls are used to detect the presence of damage or missing components such as missing
fasteners for wall mounted conduits or cracked bricks.
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Figure 4.11: Railway track sleepers supported by insufficient ballast. One defining trait of cases of
insufficient are exposed sleeper sides.

4.5 Finding Anomalies with Uncertainty
Quantification

Performing anomaly detection using generative model reconstruction on the raw image has
been extensively studied in literature. While this can work, we highlight one glaring argument
for why this may not be the ideal approach when doing anomaly detection using images gath-
ered from a UAV.

4.5.1 Why Reconstruction Error is a BadMetric

The main downside to using reconstruction error as a proxy for anomalies is the breakdown
of high reconstruction error on high texture areas. To highlight this scenario, we perform a
toy experiment using a simple autoencoder. This experiment carries the same structure as
other reconstruction-based models:

1. Train model to take in an original image x and then reproduce the same image x ′, the
model incorporates some form of information bottleneck such that it cannot carry all
the information from x to x ′ losslessly.

2. Select a suitable reconstruction error threshold, τ ∈ R from which to flag anomalous
images, where reconstruction error is defined as e = |x− x ′|.

3. Deploy model, any region of the image which produces a reconstruction error higher
than the selected threshold, e > τ is flagged as an anomaly.
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Figure 4.12: Two examples of the images used in the experiment.

Table 4.4: The architecture used in the image reconstruction experiment.
Layer # Operation Input Size Output Size Kernel

Size
Pad Size Pool Size Activation

1 Convolution 1@ 64×64 8@ 16×16 3×3 1×1 2×2 ReLU
2 Convolution 8@ 16×16 16@ 8×8 3×3 1×1 2×2 ReLU
3 Convolution 16@ 8×8 4@ 4×4 3×3 1×1 2×2 Tanh
4 Transposed Convolution 4@ 4×4 16@ 8×8 4×4 1×1 - ReLU
5 Transposed Convolution 16@ 8×8 8@ 16×16 4×4 1×1 - ReLU
6 Transposed Convolution 8@ 16×16 1@ 64×64 4×4 1×1 - Sigmoid

Dataset The dataset includes artificially created images such as the ones shown in figure
4.12. They are grayscale images with a texture-less left half and a textured right half. The
colour on the left half is exactly gray, having a value of 0.5 throughout. The right half of the
image is white (with a value of 1.0), with pixels being set to black (a value of 0.0) randomly at
a rate of 30%. One can imagine that the left half represents a sleeper on a railway — texture-
less and mostly a single colour; the right half represents the ballast — high texture and with a
high luminance range.

ModelArchitecture The model is a simple 6 layer convolutional neural network, with
an architecture described in table 4.4. The Tanh activation function in the middle of the
architecture aims to serve as a sort of information bottleneck without requiring the usage of
variational bayes loss functions [Kingma and Welling, 2014].

Training Setup The training objective is to minimize the Mean Squared Error (MSE)
loss between the reconstruction and original image. The model is trained for 1× 104 epochs
and a batch size of 32 — enough for model convergence to happen, while completing training
in less than 10 seconds. It is optimized using the AdamW optimizer [Kingma and Ba, 2015]
with a learning rate of 0.001.

Insights Examples of generated images, their reconstruction, and the reconstruction er-
ror for the trained model are shown in figure 4.13. Under normal scenarios, the reconstruc-
tion on the left half is faithful to the original image. However, the right half tends to be a
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Figure 4.13: Example of image reconstruction — left: original image; middle: reconstructed image;
right: reconstruction error, brighter parts indicate higher error.

blurred version of the texture — essentially the best decoded image which produces the low-
est loss on that half of the image given the information bottleneck. Very frequently, the peak
pixel-wise reconstruction error on the right half of the image is more than 0.9, or more than
90% the maximum theoretical error. Setting τ = 0.9 is an unrealistic setting, and will cause
all anomalies on the left to be ignored since the maximum theoretical error on the left half of
the image is 0.7.

Obviously, there are several ways around this problem. One solution would be to run a
Gaussian filter or mean filter over the image of the reconstruction error, this will have the
effect of looking at localized areas of high uncertainty instead of pixel-level uncertainty. The
immediate downside to this is that small actual uncertainties can now be ignored. Another
solution in this toy experiment is to have a position-aware threshold, i.e.: instead of selecting
a scalar threshold τ ∈ R for the whole image, we instead select a threshold for each location
in the image τ ∈ RH×W . One way of viewing this is to canonically ask "which parts of the
image do we really care about?". This way, we can simply select a lower threshold for the left
half of the image than the right half. This can work for very structured images such as the
one in the toy example, or images contained in datasets utilized earlier gathered from the ego-
perspective of the train in earlier sections. However, for unstructured images gathered from
a UAV that can contain a railway viewed from many different angles, this is no longer trivial.
While reconstruction-based anomaly detection has seen its successes — usually through care-
ful engineering of the information bottleneck and loss function — these techniques tend to
rely on exploitable traits within the domain, such as a regular background, or repeating pat-
terns in features.
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4.5.2 TwoMethods for Uncertainty Quantification

Instead of using reconstruction error on the raw image as a proxy for the presence of anoma-
lies, a better metric is to directly use some form of model uncertainty over the image. In
supervised learning for classification tasks, a model is trained with the goal of mapping input
data to a series of labels. In this setting, it is possible to construct models that provide some
idea of model uncertainty. Generally, in addition to the standard supervised learning goal, the
model is also constructed such that the model predictions provide some indication of model
uncertainty or epistemic uncertainty to the user.

There are two primary methods this can be done — ensemble deep learning or evidential
deep learning [Amini et al., 2020, Sensoy et al., 2018]. Ensemble deep learning falls under
Frequentist methods introduced earlier. This technique is similar to bagging in classical ma-
chine learning, whereM similar models with different initializations are trained to make pre-
dictions with same inputs and outputs. Each model fj outputs a probability distribution over
N labels for an in put x as fj(x) = yj where dim(yj) = N,yj,i ∈ R+ and ||y||1 = 1, the final
constraint can be enforced by taking a softmax over model output logits. The penultimate
probability distribution can be represented in several manners, the most convenient being
the normalized sum over each label p(i) =

∑M
j yj,i/M. In this setting, model uncertainty

can be easily represented as Shannon entropyη =
∑N
i p(i) log p(i). The loss function used

in this setting is the classic binary cross entropy loss function for each model:

LCE = −
1

N

N∑
i

((1− Ii) log(1− p(i)) + Ii logp(i)) (4.1)

Here, Ii is an indicator on whether the ground truth label belongs to the class i or not. When
applied to image segmentation tasks, one independent prediction is done on each output
pixel, classifying each pixel as belonging to a particular label class.

On the other hand, evidential deep learning falls under Bayesian methods introduced ear-
lier, where the outputs of the model are modelled as a Dirichlet distribution. The Dirichlet
distribution is probability density function that is commonly utilized as a conjugate prior
to the multinomial distribution. This property makes it convenient for representing both
model uncertainty and predictions. The Dirichlet distribution Dir is represented by an evi-
dence vector α ∈ RN>11 forN prediction targets. The evidence vector represents the belief
that a model thinks a prediction belongs to a label, with higher values indicating higher be-
lief. The probability mass for a given label i ∈ N during prediction is then computed as
p(i|α) = αi/||α||1. When applied to image segmentation tasks, each output pixel repre-
sents its own predictive Dirichlet distribution. When pixels are allowed to overlap,N = 2,
and M distributions are placed over each output pixel for M possible labels, such that the
probability of a pixel belonging to any label j ∈ M is p(j|αj) = α1,j/||αj ||1 resulting in

1In classical statistics, the Dirichlet distribution actually has a range of values α ∈ RN
+ instead of α ∈ RN

>1,
however, we present the definition in the context of uncertainty quantification
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a vector of probabilities p = {p(1|α1), p(2|α2), ...p(M|αM)}. The epistemic uncertainty
on any label is then represented the lack of evidence over all labels, where one common repre-
sentation isE = dim(α)||α||−11 for non-overlapping prediction labels andE =

∑M
j ||αj||

−1
1

for overlappable prediction labels. There are multiple loss functions possible in this setting,
the easiest to apply being the Type II Maximum Likelihood loss function, which is a modifica-
tion over the standard binary cross entropy loss. We describe the variant for non-overlappable
labels here, but the application to overlappable labels is just an extension over the dimension
ofM:

LT2ML =
1

N

N∑
i

Ii(log ||α||1 − logαi) (4.2)

= −
1

N

N∑
i

(−Ii log ||α||1 + Ii logαi) (4.3)

The first difference between Eq. (4.1) and Eq. (4.2) is that Eq. (4.1) operates on probability
distributions, providing an overall stronger signal as gradients of log x are higher for smaller
values of x, while Eq. (4.2) operates on unnormalized evidence. The second difference is the
penalization on non-labels, where Eq. (4.1) aims to minimize (1−Ii) log(1−p(i)), which is
once again a stronger signal than that in Eq. (4.2) which aims to minimize−Ii log ||α||1. The
overall goal is that evidential uncertainty methods favour models that are not overly confi-
dent, and hence can provide a meaningful insight into their levels of uncertainty. In contrast,
ensemble methods tend to produce an ensemble of models that are each very confident in
their predictions, and have to resort to group predictions for a sense of overall confidence.
At optimality, both methods described here functionally provide the same result, while they
vary only in methods of representing uncertainty.

From a pragmatic point of view, one may immediately see that the Bayesian method for un-
certainty quantification is superior to the Frequentist one — it uses only one model instead of
having a train a group of similar models. However, in practice, it has been frequently observed
that evidential deep learning, in many cases, can fail to produce reliable uncertainty metrics
[Ulmer et al., 2020, Ulmer and Cinà, 2021, Van Landeghem et al., 2022]. The reasoning for
this is simply that it is impossible to guarantee certain outputs for very out-of-distribution
data in deep learned models. However, guaranteeing a range of predictions for an ensemble
of models on out of distribution data is much easier, especially for large ensembles.

4.5.3 Uncertainty Quantification for Image Segmentation

Section 4.5.1 naively established that using reconstruction error for anomaly detection in the
image space is not the best idea. Two most popular branches for uncertainty quantification
in classification tasks have also been introduced in Section 4.5.2 (image segmentation can be
seen as a simple extension of classification). Here, we explore using the described uncertainty
quantification techniques on some sample datasets for image segmentation, and demonstrate
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many flaws that arise from this application. The goal of this section of work is to decide if un-
certainty quantification on classification tasks scales appropriately to image segmentation.
Image segmentation can be generalized into a classification task at every output pixel. How-
ever, one key difference is that image segmentation generally incorporates a "background"
class — a label for pixels that do not belong to any important asset but are normal within an
image. This label is not usually present in classic classification tasks. Thus, when trying to
use current uncertainty quantification algorithms on image segmentation without modifi-
cations, we immediately run up against the issue of trying to discern the difference between
anomalies and the background. In addition, we also face the problem of high uncertainty at
the edges of segmented object instances. We term this the "uncertain edge" problem. This is
because it is very difficult to get consistent pixel-level accuracy for the exact boundary between
an object and its surrounding. The following experiments demonstrate the shortcomings de-
scribed, and proposes one solution to uncertain edges.

Normalizing Uncertainty Scores In the all cases, we normalize the uncertainty to
lie in [0, 1] for much easier visualization. In the case of ensembling, an ensemble of predic-
tions is defined as Y ∈ {0, 1}M×N whereM is the size of the ensemble andN is the number
of labels, and each N long vector for M vectors making up Y is a one-hot vector. We de-
fine the final prediction y as mean vector overM predictions, that is: yi = [M−1

∑M
j Yj,i]

where i ∈ {1, 2, ...N}. The maximum uncertainty in this case happens for a uniform distri-
bution over N labels, ie: Emax = − log(1/N) = logN. Thus, we defined the normalized
uncertainty measure as Enorm = −

∑N
i yi log yi/ logN

In evidential learning, a prediction is an N long vector y ∈ RN>1. Conveniently, the un-
certainty measure is defined as E = Enorm = N/(

∑N
i yi), which is already normalized to

[0, 1].

Dataset We utilize the NMTFastenerSet2020 dataset defined earlier in figure 4.1. The
datasets does not inherently have an anomaly class. Instead, we manipulate the images digi-
tally to produce a set of anomalous images for each dataset that are used outside of training to
visualize the effectiveness of the two uncertainty quantification techniques. More concisely,
we do the following:

• Artificial Drawing — This involves artifially drawing on the base image to produce
completely out of distribution samples.

• Cut & Paste — This involves copying out certain square segments of the image and
pasting it onto other parts. The intention here is to evaluate whether the model pays
attention to local features or the overall structure of the image

• Foreign Entity Insertion — This involves inserting random foreign entities into the
image. The intention here is to see if the model is able to flag previously unseen entities
as anomalous, such as foreign debris on the railway tracks.
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Some examples of these manipulations are shown in figure 4.14, figure 4.15 and figure 4.16
respectively.

Figure 4.14: Images from NMTFastenerSet2020 that have been digitally altered by drawing on them.

Figure 4.15: Images from NMTFastenerSet2020 that have been digitally altered by cropping sections
from one part of the image onto other sections.
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Figure 4.16: Images from NMTFastenerSet2020 that have been digitally altered by inserting foreign
entities into the image

Model Architecture and Training Setup We utilize a generic Residual U-Net for
all experiments. For the evidential model, the architecture follows the description in table
4.5 exactly. The outputs of the model are then activated using (SoftPlus(x) + 1) where x
is the output from the final layer. For the ensemble, we utilize 4 identical models of that
described in table 4.5. The output from each model is activated using the softmax operator
during training and then trained using the binary cross entropy loss described in Eq. (4.1). At
inference, we first perform an argmax over the label dimension of each model output, then we
take the mean over the ensemble dimension. All training instances were trained with a batch
size of 32 using the AdamW optimizer [Kingma and Ba, 2015] with a peak learning rate of
0.003. During training, all images were subjected to random cropping to a size of 256×256,
as well as random rotation and random flipping. Each training instance was trained to con-
vergence, this was identified when the precision and recall metrics on the test set for each
dataset fluctuated by less than 1% across three epochs, all models reached convergence before
200 epochs.
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Table 4.5: The architecture used in the image reconstruction experiment. Because it is a residual archi-
tecture, we adopt an element wise addition across the convolution and transposed convo-
lution layers. Therefore, layer 1’s output is copied and added to the input of layer 10, layer
2’s output is copied and added to the input of layer 9, etc. .

Layer # Operation Input
Channels

Output
Channels

Kernel
Size

Pad Size Pool Size Activation

1 Convolution 3 16 3×3 1×1 2×2 ReLU
2 Convolution 16 16 3×3 1×1 2×2 ReLU
3 Convolution 16 32 3×3 1×1 2×2 ReLU
4 Convolution 32 32 3×3 1×1 2×2 ReLU
5 Convolution 32 64 3×3 1×1 2×2 ReLU
6 Transposed Convolution 64 32 4×4 1×1 - ReLU
7 Transposed Convolution 32 32 4×4 1×1 - ReLU
8 Transposed Convolution 32 16 4×4 1×1 - ReLU
9 Transposed Convolution 16 16 4×4 1×1 - ReLU
10 Transposed Convolution 16 num. labels 4×4 1×1 - ReLU

Uncertainty under Normal Conditions The results of training both methods of
uncertainty aware models on are shown in table 4.6. For these scores, we utilize a fixed
train/test 3:1 split for NMTFastenerSet2020. The goal of these results is not to demonstrate
that the model architecture chosen works on both datasets (their performances can definitely
be improved with a better architecture with more parameters), but to show that they still
work even with different representational heads meant to quantify uncertainty. Using a cross
validation technique such as K-fold may produce different results, but in our experiments we
found very little (< 1%) run-to-run variation.

Evidential Ensemble
Precision 92.9% 97.2%

Recall 93.8% 90.4%
Accuracy 99.3% 99.2%

Table 4.6: Results of training both evidential and ensemble models on NMTFastenerSet2020.

Some examples of the uncertainty maps over the images are shown in figure 4.17. One
immediately obvious problem is the issue with segmentation outlines, where the outlines on
each object instance — fasteners in this case — are of very high uncertainty. This effect is
caused by the notion that having pixel perfect segmentation outlines is very difficult, espe-
cially for learned models. Therefore, the labels around the edges of individual objects carries
very high uncertainty because the model can never be 100% certain in those areas. One easy
solution to this problem is to run a Gaussian or mean filter over the uncertainty map. This
will immediately crush low thickness traces of uncertainty, leaving only large mass high un-
certainty areas remaining. The effect of this is shown in figure 4.19 for the evidential method.
Note that the uncertainty at the edges has been completely removed. A similar result can be
reproduced for the ensembled model, the result of which is not shown here because it looks
the same.
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Figure 4.17: Evidential learning results on the NMTFastenerSet2020 dataset. Left: predicted fastener
locations in red; right: uncertainty maps, brighter colours indicate higher uncertainty.

Figure 4.18: Ensemble learning results on the NMTFastenerSet2020 dataset. Left: predicted fastener
locations in red; right: uncertainty maps, brighter colours indicate higher uncertainty.

125



4 Detection of Maintenance Needs on Railways

Figure 4.19: Running a filter over the uncertainty map produced on NMTFastenerSet2020 and
thresholding the filtered result results in the total removal of uncertainty around the
edges. Note that the right map is blank because running a mean filter over the uncer-
tainty map removes all thin lines of uncertainty.

Uncertainty under Anomalous Conditions We digitally augment the images to
deliberately have defects as introduced in section 4.5 on page 116. In these instances, we would
like the models to produce high uncertainty in areas that have been altered. figure 4.20 to fig-
ure 4.22 demonstrates some predictions under these scenarios. Qualitatively, the uncertainty
maps under these scenarios look similar to those under normal scenarios with the exception
of the images with foreign entities inserted. In particular, artificial drawings on the base im-
age are outright ignored into the background class. This is likely because during training,
everything that is not a component of significance (a fastener in this case), is classed as the
background class. As a result, anything that does not classify a fastener is identified as back-
ground by the model.

A similar story can be said for images altered via the cut & paste technique. In this case, the
models performed uncertainty quantification in the normal fashion within the cropped sec-
tions of the image, essentially ignoring that the image structure was never before seen within
the training data. The one case where uncertainty quantification worked exceptionally well
is in images altered with foreign entity insertion. In particular, the uncertainty maps on these
images show very obviously where the foreign objects are. The main difference between this
case and the case of drawing over the main image is that the entities inserted here appear to
be higher in luminance values compared to the rest of the image, potentially resulting in the
textures that make up the entities being truly out of distribution (far enough from the back-
ground class) for the trained model.
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Figure 4.20: Uncertainty quantification results on NMTFastenerSet2020 that have been altered by
drawing over them. Top two rows: evidential learning model; Bottom two rows;
ensemble-based model. Left: predicted fastener locations in red; right: uncertainty maps,
brighter colours indicate higher uncertainty.

Figure 4.21: Uncertainty quantification results on NMTFastenerSet2020 that have been altered by
cropping certain sections of the image over other sections. Top two rows: evidential learn-
ing model; Bottom two rows; ensemble-based model. Left: predicted fastener locations
in red; right: uncertainty maps, brighter colours indicate higher uncertainty.

127



4 Detection of Maintenance Needs on Railways

Figure 4.22: Uncertainty quantification results on NMTFastenerSet2020 that have been altered by
adding foreign objects into the image. Top two rows: evidential learning model; Bottom
two rows; ensemble-based model. Left: predicted fastener locations in red; right: uncer-
tainty maps, brighter colours indicate higher uncertainty.

Insights There are several important takeaways from these experiments. The first is that
when applying uncertainty quantification models to image segmentation, there tends to be
a large amount of uncertainty at the edges of segmented objects. This problem appears to
be an inherent problem, and is a result of the difficulty of having pixel-perfect segmentation
in most cases. Fortunately, the fairly easy solution to this problem is to filter the uncertainty
map, essentially running a low-pass filter to remove high frequency noise in the uncertainty.
Uncertainty quantification can work in some but not all cases of anomaly detection. In par-
ticular, the model can appear to be blind to certain textures, such as when images are altered
with digital drawings; but can work when image anomalies are distinct enough, such as when
foreign entities are inserted into the base image. More crucially, models trained using un-
certainty quantification techniques using the conventional attention U-Net seem to ignore
structural anomalies in the image. This is evident in the case where the images are altered
by cropping out certain sections of the image to be pasted in other sections. This is a fairly
alarming finding because in the the context of railway corridor anomaly detection, not all
anomalies present themselves as foreign debris. Anomalies can present themselves in cases
where fasteners are broken off their intended position or when sleepers are cracked — both
anomalies manifesting as structural deviations from the expected non-anomalous case.
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4.6 Anomaly Detection by Reconstructing Labels

Prior sections have identified two fundamental issues with conventional anomaly detection
techniques for image segmentation tasks - uncertainty at the edges and disambiguity between
background and anomalies. The former can be circumvented by first running a form of filter
over the uncertainty map, and then thresholding the result. For example, we can take the
mean filter with a kernel size of 5×5 pixels, and then treshold the result by zero-ing out all
pixels with an uncertainty below 0.5. This produces the result shown in figure 4.19. On the
other hand, solving the disambiguity between background and anomalies requires analyzing
the problem in more detail.

We conjecture that deep networks fail to identify anomalies because training causes them
to reject all instances of non-relevant information and only pick out relevant information.
One supporting piece of research is the Dimpled Manifold Model Hypothesis [Shamir et al.,
2021]. When a section of image fails to resemble any relevant label, it is automatically re-
garded as background, and only sections of image that carry some semblance of relevant ob-
jects carry sufficient evidence to not belong to the background class – resulting in anomalies
only when the anomaly does not visually stray too far from relevant objects like a railway or
a fastener, but also does not completely resemble them.

To solve this challenge, we propose a framework that exploits this trait of neural networks
to perform anomaly detection only in the label space. We call this algorithm Anomaly Detec-
tion by Reconstructing Labels (ADeReL), with a proposed architecture shown in figure 4.23,
uses a backbone network to semantically label images, then utilizes a reconstruction model
to reconstruct labels using a heavily masked version of the predicted segmentation label. The
architecture operates on the idea that the reconstruction step relies on models learning about
how labels are structured over the image. This structure is well defined when there is a lack
of anomalies in the image, and all relevant parts of the image is labelled properly by the pre-
diction model. In the presence of anomalies, the predicted label in the prediction step strays
from the well defined structure, which causes the reconstructed segmentation labels to not
line up with the predicted segmentation labels.

Mathematically, we first predict the segmentation label y ∈ Y using the predictor model
y = fp(x)whereY represents the space of all reasonable segmentation labels. Then, we mask
the result to produce a segmentation mask that is outside of the domain ymask ∈ Ymask, where
Ymask represents the space of all feasible masked segmentation labels. Finally, we train a model
to bring the masked segmentation mask from the masked domain back to the segmentation
label domain y ′ = fr(ymask) where y ′ ∈ Y ′ and Y ′ ≈ Y . The principle idea is when that
when an image has an actual anomaly, the predicted segmentation label y will lie in a space far
from Y , resulting in ymask lying outside of Ymask, and the resulting reconstruction y ′ being
far from Y , ultimately flagging an anomaly.
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Figure 4.23: Our proposed model, Anomaly Detection by Reconstructing Labels (ADeReL), for per-
forming anomaly detection on image segmentation tasks. In this image, the sampling
probability for masking is set at 0.2 pmask = 0.2 for visibility. In our experiments, we set
it at 0.03.

Table 4.7: The architecture used in the image reconstruction experiment. It is a residual architecture
where element wise addition across the convolution and transposed convolution layers are
done.

Layer # Operation Input
Channels

Output
Channels

Kernel
Size

Pad Size Pool Size Activation

1 Convolution 3 num. labels 3×3 1×1 2×2 ReLU
2 Convolution 16 16 3×3 1×1 2×2 ReLU
3 Convolution 16 32 3×3 1×1 2×2 ReLU
4 Convolution 32 32 3×3 1×1 2×2 ReLU
5 Transposed Convolution 32 32 4×4 1×1 - ReLU
6 Transposed Convolution 32 16 4×4 1×1 - ReLU
7 Transposed Convolution 16 16 4×4 1×1 - ReLU
8 Transposed Convolution 16 num. labels 4×4 1×1 - ReLU

4.6.1 Implementation Specifics

Network Architectures The prediction network is responsible for taking actual im-
ages of the railway and producing segmentation labels. We utilize the same network as in
table 4.5 for the main prediction network. It is trained using the binary cross entropy loss as
in Eq. (4.1). For the reconstruction networks, we utilize a trimmed down model of the pre-
diction network, shown in table 4.7. The main reasoning is that the reconstruction network
operates in the low-texture, well defined domain of segmentation labels, having models with
high representational power in this domain is not necessary.

Masking Procedure The goal of masking for reconstruction is to present the recon-
struction model with sparse information about the original segmentation, such that each re-
construction model formulates its own reconstruction task. Various masking techniques can
be chosen, such as the technique from Liu et al. [2023], where ann×n binary checkerboard
is used as a mask. Here, we experiment with the simplest — the input to the reconstruction
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model is 0 everywhere, but we randomly sample pixels from the predicted segmentation label
with probability psamp (set to 0.03 in our experiments) to produce ymask, which is then used
to reconstruct y ′.

Anomaly Identification The uncertainty map ϵ in our experiments is the difference
in prediction between the reconstructed segmentation label and the predicted segmentation
label, ϵ = (y − y ′)|·|, where the |·| operator denotes an element-wise absolute. Given this
map, there are then several ways to flag an image as having an anomalous instance. Taking
the mean uncertainty value over the whole image will not yield a good metric since for large
images with smaller anomalies, the outliers will not be reliably picked up. In addition, seg-
mentation labels with many lines and edges will get flagged more often than segmentation
labels with low number of edges due to the issue described in section 4.5.3 on page 120. In-
stead, we flag images as highly uncertainty using the maximum uncertainty patch contour
size, where images producing an uncertainty map with a contour size larger than a certain
value are flagged instead, resulting in a technique that is more robust to outliers.

Datasets and Model Training We evaluate the performance of the framework on
both structured and unstructured data. More concisely, we evaluate its performance on
RailDB with one prediction label (the railway track), before evaluating its performance on
UAVRailSet2023. We then trained each model with a batch size of 32 using the AdamW
optimizer [Kingma and Ba, 2015] with a peak learning rate of 0.001. During training, all im-
ages were subjected to random cropping to a size of 256×256, as well as random rotation and
random flipping. The model was trained to convergence, taking approximately 50 epochs.

4.6.2 Insights

Performance onRailDB RailDB represents a relatively easier task for ADeReL, as the
source images always come from a similar viewpoint, leading to segmentation masks in the la-
bel space following a common theme. The dataset serves as a litmus test for ADeReL, and to
simulate anomalous data, random sections of the original image, no larger than 5% width and
height, are artificially cropped and pasted over sections of the railway tracks in the images. fig-
ure 4.24 showcases various examples of images from RailDB with these modifications. This
5% value represents the rough size of a concrete sleeper on the railway track, and emulates the
best-case-scenario of an anomaly with the largest scale on the railway track. Smaller anoma-
lies would no doubt be harder to detect, however, simply using higher resolution imagery
or more close up images would alleviate this issue. We leave the study of smaller anomalies
using higher resolution images to future work and instead focus on feasibility the algorithm
at hand instead. The resulting distributions of the maximum uncertainty patch size between
normal and anomalous images are illustrated in figure 4.25, clearly demonstrating a distinct
difference between anomalous and clean images, underscoring the effectiveness of ADeReL
for structured images.
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Figure 4.24: Various examples of images from RailDB where random sections of the image are pasted
over the railway tracks.

Figure 4.25: Distribution of maximum uncertainty patch size for both testing and anomalous data on
the RailDB dataset.

Performance on UAVRailSet2023 Conversely, while ADeReL performs well on the
RailDB dataset, its performance on UAVRailSet2023, a dataset of railway images collected
from a UAV, is considerably less satisfactory. The dataset is divided into anomalous and non-
anomalous data, with the anomalous data comprising images depicting foreign debris oc-
cluding crucial railway components, such as ballast rocks on fasteners or vegetation on the
railway track, with some examples shown in figure 4.27. figure 4.26 demonstrates the result-
ing distributions for anomalous and non-anomalous data.

One key factor to the suboptimal performance is the comparatively low volume of data
available in this dataset, having less than 1,000 samples, which may hinder the model’s ability
to generalize effectively across diverse scenarios. Moreover, the dataset’s predominant un-
structured nature poses a significant challenge. The variability in lighting conditions, camera
angles, and environmental factors specific to UAV-captured images introduces complexity
not fully accounted for during model training on more structured datasets, as a result, this
requires even more data for the reconstruction model to obtain a good representation of what
a complete segmentation label should look like from different viewpoints. This lack of en-
vironmental diversity may result in a limited ability of ADeReL to discern and adapt to the
nuanced characteristics of anomalous instances in the UAVRailSet2023 dataset.
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Figure 4.26: Distribution of maximum uncertainty patch size for both testing and anomalous data on
the UAVRailSet2023 dataset.

Figure 4.27: Various examples of images of anomalous data from the anomalous set of
UAVRailSet2023.

4.7 Chapter Results and Lessons Learned

In this chapter, we started off exploring the detection of specific maintenance needs (e.g. miss-
ing fasteners, kinked rail) using computer vision when presented with images of the railway
under ideal angles. Given the extensive amount of existing work in this direction, it is un-
surprising that our various suggested approaches also work reasonably well. Unfortunately,
images captured from a UAV platform are unlikely to have consistent angles. In addition,
maintenance needs on mass infrastructure systems such as railways tend to be few and far
between, resulting in a low number of known examples in contrast to the many ways that
components can fail. This makes it very difficult to design a catch-almost-all maintenance
needs detector using heuristic methods. To this end, we introduced the notion of anomaly
detection under the premise that this is the better approach for maintenance needs detection
on railways. One common trend for performing anomaly detection in literature is to use sim-
ple pixel-level reconstruction. We demonstrate, using a toy example, how this can fail in a very
trivial manner when attempting to apply it to a railway. This result motivates the push for
uncertainty quantification techniques instead.

The chapter then explores two principle methods for performing uncertainty quantifica-
tion on images in the pixel space on two different datasets. Despite seemingly performing
well, we demonstrate that these uncertainty quantification techniques are paying no heed to
the overall structure of the image, and are instead relying on local textural information at in-
ference. This motivates the chapter into presenting ADeReL, an algorithm for performing
anomaly detection using uncertainty quantification in the label space. Our experiments show
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that ADeReL can work reasonably well for datasets with reasonably structured data, but fail
on our own collected dataset of UAV collected railway images. One reason this may be the
case is that the size of the dataset used to train ADeReL is insufficient for the underlying
semantic segmentation model to learn the structure of the images.

At the time of writing, the notion of performing anomaly detection on railways using
multiple viewpoint images gathered from a UAV is still unsolved. Anomaly detection for
domains with very diverse data, particularly in the domain of deep learning, poses unique
challenges due to the scarcity of labeled anomalous data. Traditional supervised learning ap-
proaches are hindered by the limited availability of such data, leading to sub-optimal model
performance. This leads to difficulty in models differentiating between anomalous data and
previously unseen transformations of normal data. This is especially evident in the domain
of maintenance needs detection in spaces like railway monitoring. One promising direc-
tion for future research to solve this problem is active learning. Active learning emerges as
a promising solution to address this issue by strategically selecting and labeling the most in-
formative instances. The core idea of active learning relies on the model automatically la-
belling instances of low uncertainty to be used in further iterative training, while flagging
instances of high uncertainty for expert labelling, where the expert here usually refers to a
human. More precisely, active learning starts off with an initial dataset of images D1 with
samples {(x1, y1), (x2, y2), ...} on which an uncertainty aware model fθ : x → (ŷ, ϵ)
is trained on. The model is then deployed to the field, where it interacts with new, un-
seen data {xa, xb} /∈ D1. For instances of data producing uncertainty scores lower than a
set threshold, the labels produced by the model are accepted as valid ground truths to pro-
duce a set of new training instances Dcertain = {(xa, ŷa), (xb, ŷb), ...}. Instances of data
that produce uncertainty scores higher than said threshold are put into a separate dataset,
where an external expert (a human) is used to label the data to create new training instances
Duncertain = {(xp, ȳp), (xq, ȳq), ...}. All instances are then added to the initial dataset to
form a larger training set D2 = D1 ∪ Dcertain ∪ Duncertain. Finally, the original trained
model can then be fine-tuned on this new model, or a completely new model retrained on
this dataset. This process is then repeated as long as the model is in deployment. The idea
here is that as time progresses and the training dataset gets larger, the developing dataset
(D1,D2, ...) slowly encompasses all data available from the deployed setting. More inter-
estingly, active learning would be the foundation for building foundational models, which
would unquestionably be a building block for performing much more complex tasks around
railway infrastructure.

In the future, we propose to take inspiration from the realm of language modelling and
foundational models. ADeReL relies on a model learning the general structure of normal
data under many different image transformations or camera viewpoints. Given sufficient
data, it is possible to construct foundational vision models that can label railway track compo-
nents under any viewpoint, and by extension, it is possible to construct foundational models
that can perform reconstruction of image labels for railway images under any viewpoint. Fol-
lowing this train of thought, it is then possible to detect anomalies using the combination of
these two models in the way that ADeReL proposes.
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This research is motivated by the importance of maintaining operational reliability of key sys-
tems like railways, which face various challenges such as missing fasteners, deformed track ge-
ometry, structural health issues, and overgrown vegetation that can lead to substantial down-
time. Traditional inspection methods, though comprehensive, are resource-intensive and dis-
ruptive. Recognizing the potential for innovation, this study investigates the application of
autonomously operated Unmanned Aerial Vehicles (UAVs) for railway maintenance needs
detection, and addresses various challenges to its success. This chapter summarizes the key
contributions made by each chapter in this thesis, points out the existing limitations, and
discusses the possible future research directions.

5.1 Conclusion

In this thesis, the current methodologies and status quo for detecting maintenance needs on
railway tracks was explored. The idea of performing the same detection of maintenance is-
sues using AI-powered UAVs was then explored. This started in chapter 3 on page 51, where
a proposal for performing UAV navigation utilizing reinforcement learning was introduced.
Reinforcement learning is a learned technique, which differs from current methods which
primarily utilize heuristic, hard-coded techniques for navigation in the real world. Although
this paradigm is not new, its application to railway tracks presents its own sets of challenges,
asserting its novelty. Some of these challenges include the need for better simulation tools
catered to reinforcement learning software stacks, bridging the Sim2Real gap, and better re-
inforcement learning algorithms to speed up the bootstrapping phase of classical reinforce-
ment learning. To this end, this thesis proposed a new reinforcement learning algorithm
termed Critic Confidence Guided Exploration (CCGE) for allowing agents to bootstrap off
a suboptimal oracle policy using uncertainty metrics in section 3.6 on page 72. This effec-
tively allows the reinforcement learning agent to learn much faster by mimicking the oracle
early on in training, circumventing much of early exploration steps. A new UAV simulation
tool — PyFlyt — has also been developed and released as part of this work in section 3.4 on
page 55. PyFlyt is specifically catered to the reinforcement learning research community, and
integrates well with many existing tools. In addition, due to the Python interface, this allows
users to rapidly construct custom environments for their research. Solving the navigation is-
sue is only solving half the challenge, as just flying along a railway track does not automatically
allow one to identify maintenance needs. In chapter 4 on page 101, we explored how such a
platform can enable the automatic detection of maintenance needs. We investigated possi-
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ble maintenance needs that can be detected using a UAV, and found that the main strength
of a UAV lies in its ability to provide high resolution imagery of the railway from many dif-
ferent points of view. Detecting well-defined maintenance issues from a fixed point of view
can be done by leveraging the overall image structure and carefully crafted algorithms. We
demonstrated this by utilizing deep learning backbones and heuristics to detect fasteners (or
the lack thereof), and sun kinks on railway tracks. While this worked, we discovered that the
real challenge of railway track maintenance needs detection lies in the detection of previously
unseen component failures, which are few and far in between. This necessitated more so-
phisticated algorithms than ones performing defect detection via pure supervised learning.
We proposed anomaly detection, but immediately discovered that the classical method of
performing anomaly detection via reconstruction fails trivially on a task as diverse as railway
track defect detection. We further discovered how attempting to perform anomaly detec-
tion via uncertainty quantification also fails as a result of models being sensitive to texture
instead of image structure. These two lessons led to the proposal of a new algorithm, which
we call ADeReL, for performing anomaly detection by reconstructing image labels. The al-
gorithm uses two networks, one to predict labels, and another to reconstructed the corrupted
predicted labels. In principle, such a framework allows for the prediction of anomalies with-
out explicit anomaly labels within the training dataset. Applying this algorithm to a custom
dataset of railway images reveals limited successes due to the limited size of the dataset, but
we are optimistic in its performance in the future.

5.2 Contributions

We propose four novel contributions to the field towards autonomous UAVs for maintenance
needs detection on railways based on work done in this thesis.

1. PyFlyt

PyFlyt is a UAV flight simulator for RL research. Its conception was motivated by the
lack of easy-to-use, hackable and standardized UAV simulators in the field that specif-
ically cater for the needs of RL research and machine learning at large. To this end,
PyFlyt is written using the tried-and-trusted Bullet physics engine with a Python in-
terface. It provides various default vehicles, such as two variants of quadrotor UAVs, a
fixedwing aircraft, and a rocket model. Each of these models are built using modular-
ized components, such as motors, gimbals, and lifting surfaces to name a few. PyFlyt
also caters for running RL agents at different looprates to the underlying UAV’s con-
trol loop, which is again at a different looprate to the physic’s simulator’s stepping rate.
Various default Gymnasium environments exist within PyFlyt, both with sparse and
dense reward structures. The design of PyFlyt is used to build the Rail Environment,
on which a RL algorithm was trained to fly a UAV along a railway.

2. Critic Confidence Guided Exploration
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A large part of modern RL involves training agents from scratch on carefully crafted
dense reward functions. However, in some scenarios, it is relatively easy to design a
sub-optimal hard-coded policy. In other cases, sparse reward functions may be too
difficult to learn but produce optimal policies; while dense reward functions are easier
to learn and produce sub-optimal policies. We propose a novel RL algorithm, termed
Critic Confidence Guided Exploration (CCGE), that effectively allows RL agents to
leverage prior information from an oracle policy to effectively explore their environ-
ment, bypassing the requirement to learn from scratch. When evaluated on several
standardized RL benchmarks, we demonstrated that CCGE performs comparatively
to de factor RL algorithms in some cases, while outperforming them in others.

3. UAV Autonomous Navigation

Combining the work from the prior two contributions, we develop a framework for
flying a UAV down a railway corridor using mostly learned methods. We propose train-
ing a semantic segmentation model trained on real world images to segment out rel-
evant components in images of a railway scene gathered from a UAV. The semantic
segmentation labels we chose in the instance included railway track lines and obsta-
cles, serving as a healthy start to possibly more complex architectures. Then, we train
an agent using CCGE to navigate a UAV down a railway corridor within PyFlyt based
on semantic segmentation images obtained directly from the simulation. This archi-
tecture is then ported into a real UAV and tested on a railway track at BCIMO’s facility
in Dudley, United Kingdom. Our experiments show that this framework works rea-
sonably well, and serves as a good starting point for possibly more complex learned
behaviours.

4. Maintenance Needs Detection — Structured Problems

We demonstrate several algorithms for performing basic maintenance needs detection
on railways. Most notably, these first few techniques rely on the structure of the prob-
lem space to motivate solutions. For instance, for finding missing fasteners, we propose
a framework where the number of fasteners per distance is computed, and areas where
the number deviates from the intended value indicates a missing fastener. For sun kink
detection, we propose having a semantic segmentation model segment railway tracks
within an image, and then fitting a second order curve to the railway tracks. Any fit
that exhibits higher than expected fitness indicates a possible kink.

5. Maintenance Needs Detection — Anomaly Detection

Fortunately for public transportation systems and unfortunately for machine learn-
ing algorithms, defects along railway corridors are rare. Unfortunately, because of
this, classical supervised learning for defect detection is difficult to perform for rail-
way systems because crafting a well balanced dataset that encompasses all modes of
component failures is not easy. In addition, components may also fail in ways not
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initially captured in the training dataset. To this end, we propose that anomaly de-
tection is a more suitable technique for maintenance needs detection. In the context
of a railway corridor, we demonstrated why the usual route of reconstruction-based
anomaly detection may not work for the environment of a railway corridor, and fur-
ther experiment with two popular methods for performing anomaly detection using
uncertainty-driven frameworks. Our experiments show that, for an environment with
a high degree of variance, both techniques tend to not work because the underly-
ing models are basic semantic segmentation models. In this case, the models adopt
a dimpled manifold principle approach to semantic segmentation, and simply ignore
patches of the image that it doesn’t recognize, instead of attempting to label it based
on surrounding context. To alleviate this issue, we proposed a framework where we
perform image reconstruction within the label space, which we term Anomaly Detec-
tion by Reconstruction Labels (ADeReL). Our idea stems from the notion that, for
the task of anomaly detection along a railway corridor, the label space is fairly struc-
tured — fasteners are placed at intersections of sleepers and tracks; tracks tend to be
continuous segments; and sleepers tend to be evenly spaced. Our experiments show
that, for a dataset with a sufficiently structured viewpoint, this can work. However,
on a smaller dataset of UAV collected imagery, the images exhibit too much variance
for this ADeReL to show any meaningful use for anomaly detection, and the pursuit
of anomaly detection on this dataset is left to future work.

5.3 Addressing ResearchQuestions

This thesis aimed to answer various research questions surrounding the topic of autonomous
UAVs for railway maintenance monitoring with the aid of artificial intelligence systems.
These questions were first listed on section 1.3 on page 2. Here, we address these questions
using the presented work and propose several new ones for future research.

What current practices are beingused todetectmaintenance issues along
railway tracks and what existing gaps can be addressed using AI-enabled
UAV technologies? In section 2.5 on page 43, we observed that the status quo of cur-
rent maintenance methods involved sensor instrumented carriages going down the railway,
in order to perform maintenance needs detection, or for ground sensors to be placed around
railway infrastructure to monitor track conditions. In the case of running a carriage down the
railway track, inspection can only happen as many times as the carriage goes down the track.
In the case of ground sensors, costs scale linearly with the distances that the railway track
covers. UAVs offer a good middle ground where maintenance can happen as many times as
required, while not requiring extensive sensor networks to be placed all over the track. How-
ever, we also observed that not all maintenance needs can be detected from a UAV platform
due to the nature of sensors required.
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Are learned obstacle avoidance and navigation methods feasible to be
usedfornavigatingUAVsthroughrailwaycorridors? This research question
was answered in chapter 3 on page 51. The answer is yes, however, modern deep learning al-
gorithms have reached a point where the various technologies and techniques are sufficient
for deploying a reinforcement learning agent to the real world aboard a UAV. The main draw-
back of RL is the requirement for an agent to continuously interact in an environment. We
show, in section 3.4 on page 55 to section 3.7 on page 88, one feasible approach is to design an
environment in simulation for an agent to fly a UAV along a railway corridor. Then, in sec-
tion 3.8 on page 91, we demonstrate how image segmentation pipelines can be used to reduce
the gap between simulation and reality, sufficient for allowing an RL agent to be adapted for
the real world after being trained in simulation. Our results in section 3.9 on page 96 are lim-
ited, but demonstrate a promising approach forward for learned algorithms to be used for
autonomous flight of UAVs.

What challenges present themselves when trying to perform mainte-
nancemonitoringonrailways usingmachine learning fromdatagathered
aboard a UAV and how can they be solved? The main challenge of performing
maintenance detection is the imbalanced dataset problem. While it is easy to gather a lot of
normal data (data where there are no broken missing components) for mass infrastructure
systems, getting an equal amount of abnormal data (data with broken or missing compo-
nents) for the purpose of detecting abnormality is hard. This is primarily down to the fact
that mass infrastructure systems are designed with robustness and low failure rates in mind.
For this reason, we argue in section 4.5 on page 116 and proceeding subsections that a better
way of detecting maintenance needs on railway systems is to instead perform anomaly detec-
tion. The classical technique of measuring pixel-level reconstruction error for anomaly de-
tection was first attempted, and we demonstrate through a toy example that this is unlikely to
work for images gathered from a UAV. We also attempted to use techniques from the field of
uncertainty quantification to perform anomaly detection and demonstrate its failure modes
for this space of problems. Finally, in section 4.6 on page 129, we introduce a new method
for performing anomaly detection via reconstruction in the label space and demonstrate some
promise in performing anomaly detection on railway infrastructure. Despite this, the field of
anomaly detection, and therefore the detection of maintenance needs, from a UAV is still an
open problem.

5.4 Limitations and FutureWork

Our work here represents a small glimpse into the possibilities of autonomous UAVs for au-
tomated infrastructure maintenance needs detection and monitoring. It exhibits multiple
limitations and avenues for improvement before a completely autonomous UAV for infras-
tructure maintenance needs detection is possible.
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PyFlyt While suitable as a quick environment for training UAV-based RL agents for a
multitude of tasks, PyFlyt’s main downside is due to its simplistic visual design. Because of
this reason, photorealistic environments are not possible within the simulation, and we rec-
ommend using the native segmentation image instead when training computer vision mod-
els. In addition, while PyFlyt incorporates a multitude of dynamics modelling taken from
past literature, many of these components are uncalibrated with real world results, and per-
forming such calibration would be paramount for taking PyFlyt from a toy simulation tool
to a full Software-In-The-Loop (SITL) simulator.

Critic Confidence Guided Exploration While our work on CCGE represents a
novel idea of using uncertainty to guide exploration, the results can be viewed by some to be
lacklustre when compared to existing vanilla RL algorithms. This is especially true in light of
other RL algorithms that have been released during the time of CCGE work, such as the many
algorithms in the realm of offline RL or hybrid offline-online RL. In the future, we would
like to explore the idea of incorporating offline data into CCGE using uncertainty metrics,
and perhaps also incorporate distributional value functions as a critic for a more holistic view
of action-space uncertainty.

UAV Autonomous Navigation Arguably the biggest improvement to this research
work can be had in this area. Our experiments represent a very small subset of what’s possible
using autonomous RL algorithms for UAV navigation. For instance, our algorithm utilizes
a very narrow action space, with no notion of allowing the UAV to control its own veloc-
ity outside of a stop-go command. In addition, the reward function we utilized for training
the RL agent does not incorporate the view-quality of the dataset. Incorporating these as-
pects into the reward function will be an interesting research avenue, allowing the UAV to
autonomously backtrack to have a better look at certain components. Our implementation
also does not look at cases where the railway track splits into multiple directions; how to han-
dle many electro-mechanical aspects such as flight time, charging plans, and weather resistant
operation; operating during live railway operations with oncoming trains; and multi-UAV
scenarios. All of these fall under the long tail of issues that will have to be solved before such
a system will be deemed suitable for real world deployment.

Maintenance Needs Detection The biggest limitation in our work on structured
problem maintenance needs detection was the lack of openly available large scale datasets.
There have been many works on utilizing deep learning for maintenance needs detection on
railways. However, despite the extensive network of railways around the world, almost all
of these works utilize proprietary datasets. This is a huge limiting factor, not only because
benchmarking of algorithms with each other is not feasible in this manner, but also because
no algorithm can claim to work well in almost all scenarios due to the wide range of envi-
ronments that railway corridors exist in — the United Kingdom’s environments are typically
tracks on sleepers held with fasteners set in forested regions; those in China tend to be steel
tracks held by fasteners on concrete bases; some in regions of Europe tend to be grooved
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tracks on city streets. To compound on this factor, the task of collecting a holistic dataset can
be exacerbated by the variety of camera settings that can be used, not considering the range
of camera angles and positions relative to the railway possible. The presence of good datasets
is the grounding factor for good machine learning models. This is evidenced by the surge of
foundational Large Language Models and computer vision models. Tackling this issue for
the railway maintenance industry would undoubtedly bring a lot of value for the field.

5.5 Closing Remarks

This research work involved the study of artificial intelligence enabled autonomous UAV’s
to perform maintenance needs detection on railways. In many ways, this research work is
highly exploratory, and many non-technical issues must first be solved before a future of au-
tonomous, maintenance monitoring UAVs are deployed in the real world. However, this re-
search work shows that there are definite benefits to the idea, and that there are a multitude of
interesting challenges to be solved. By pursuing this idea, we have also presented a number of
novel algorithms which are potentially interdisciplinary to research, and not solely confined
to railway monitoring using UAVs. We hope that this inspires more research in this direc-
tion, and eagerly await the future of faster, more efficient and safer maintenance monitoring
schemes for mass infrastructure systems.
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Appendix

1 PyFlyt Tested Gymnasium Environments

PyFlyt/QuadX-Hover-v0 To facilitate reproducibility and usability of the library, PyFlyt pro-
vides several well-tested and well-documented Gymnasium environments for reinforcement
learning research. These default environments are described in this section.

The task of this environment is for an agent to hover the QuadX UAV indefinitely. In the
dense setting, the reward of the environment is described as follows:

r =

{
−100 if crash,
−||[θ,ϕ]||− ||[x, y, z− 1]|| otherwise

(1)

Where θ andϕ are the pitch and roll angles in radians, x, y and z describe the linear position
of the UAV.

In the sparse reward variant, the reward is simply -0.1 for each timestep and -100 for crash-
ing.

PyFlyt/QuadX-Waypoints-v0 This environment describes the task of getting a QuadX UAV
to reach a series of randomly generated waypoints in 3D space in a specific order. By default,
there are five waypoints in total, but this number is reconfigurable. The dense reward func-
tion of the environment is as follows:

r =


−100 if crash,
caδ

−1 − cbδ̇ if δ̇ < 0,
100 if waypoint reached,
δ−1 otherwise

(2)

Where δ is the displacement from the UAV to the next target, and ca and cb are scaling
coefficients, set at 0.1 and 3 respectively. To avoid reward function blowup caused by the
δ−1 component, a waypoint is considered reached when the UAV’s center of mass is some
distance d away from the waypoint. This distance is a reconfigurable parameter that is set at
0.2 m by default. In the sparse reward setting, the reward is simply -100 for crashing and 100
for reaching a waypoint.

PyFlyt/Fixedwing-Waypoints-v0 This environment is similar to
PyFlyt/QuadX-Waypoints-v0but is modified to use the Fixedwing UAV. Due to the increase in
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Figure 1: Learning curves of three different reinforcement learning algorithms on two core environ-
ments within PyFlyt.

size of the UAV model, d is set at 2, ca is set at 1 and cb is set at 3. In addition, the waypoints
are also generated much further apart, at a scale of 20 times that of the QuadX environment.

Environment Learnability We test all *-Waypoints-v0 environments using two exist-
ing and one new RL algorithm. The results, shown in Figure 1, are meant to show the feasibil-
ity of training agents in these environments across multiple different algorithms. The dense
reward version of both environments were tested using the SAC algorithm, while the sparse
reward environments have been tested using AWAC and CCGE. CCGE is a reinforcement
learning algorithm that was developed as part of this research work, and its exact formulation
is described in section 3.6 on page 72. Both AWAC and CCGE require the existence of an
oracle policy to train, this oracle policy was obtained by using a hard-coded carrot-chasing al-
gorithm for QuadX-Waypoints-v0, while the experiments for Fixedwing-Waypoints-v0 utilized
an oracle policy trained using SAC. Examples of flight trajectories for each environment are
also shown in Figure 2.

2 CCGEDetails

2.1 Explicit Epistemic Uncertainty

In this section, we derive epistemic uncertainty in terms ofQ-value networks for any {st,at}
pair. This derivation follows the formalism taken from Jain et al. [2021] briefly covered in
section 3.6.3 on page 74. Unless otherwise specified, all expectations in this section are taken
over st+1, rt ∼ ρenv(·|st,at),at+1 ∼ πθ(·|st+1).
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Figure 2: Example flight trajectories generated using trained agents in QuadX-Waypoints-v0 and
Fixedwing-Waypoints-v0. In this instance, both environments only use two waypoints for
easier visualization.
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Single Step Epistemic Uncertainty

For aQ-value estimator, following the definition in (3.19), the single step total uncertainty can
be written as the expected total loss forQπϕ:

Uϕ(st,at) = E
[
l(Qπϕ(st,at) − rt − γQ

π
ϕ(st+1,at+1))

]
(3)

The expectation here is taken over {st+1, rt} ∼ D|{st,at},at+1 ∼ π(·|st+1). Likewise, we
can define a single step aleatoric uncertainty for an estimatedQ-value by extending (3.21) and
(3.22). Recall that the aleatoric uncertainty is defined over the target distribution (in this
case E[rt + γQπϕ(st+1,at+1)]), and assuming that the target distribution is Gaussian, the
aleatoric uncertainty simply becomes the variance in the data. Using this assumption, we can
write the aleatoric uncertainty as the variance of the targetQ-value estimate.

A(Qπϕ|{st,at}) = σ
2
|st,at

(
rt +Q

π
ϕ(st+1,at+1)

)
(4)

Finally, we denote the epistemic uncertainty forQ-value estimates across one time step for a
given state and action as δt(st,at). Following equation (3.23) and using (3), this is defined
as:

δt(st,at)

= Uϕ(st,at) −A(Qπϕ|{st,at})

= E
[
l(Qπϕ(st,at) − rt − γQ

π
ϕ(st+1,at+1))

]
− σ2|st,at

(
rt +Q

π
ϕ(st+1,at+1)

) (5)

Taking the definition of variance as σ2(x) = E[l(x)] − l(E[x]), the first term in (5) can be
expanded into:

E
[
l(Qπϕ(st,at) − rt − γQ

π
ϕ(st+1,at+1))

]
= σ2|st,at

(Qπϕ(st,at) − rt −Q
π
ϕ(st+1,at+1)) + l

(
E[Qπϕ(st,at) − rt − γQπϕ(st+1,at+1)

])
(6)

Since σ2(Qπϕ(st,at)) = 0, σ2(x+ C) = σ2(x) for constantC, and σ2(−x) = σ2(x), (6)
evaluates to:

E
[
l(Qπϕ(st,at) − rt − γQ

π
ϕ(st+1,at+1))

]
= σ2|st,at

(Qπϕ(st,at) − rt −Q
π
ϕ(st+1,at+1)) + l

(
E[Qπϕ(st,at) − rt − γQπϕ(st+1,at+1)

])
= σ2|st,at

(−rt −Q
π
ϕ(st+1,at+1)) + l

(
E[Qπϕ(st,at) − rt − γQπϕ(st+1,at+1)

])
= σ2|st,at

(rt +Q
π
ϕ(st+1,at+1)) + l

(
E[Qπϕ(st,at) − rt − γQπϕ(st+1,at+1)

])
(7)

Putting (7) into (5), we obtain:

δt(st,at) = Uϕ(st,at) −A(Qπϕ|{st,at})

= l
(
E[Qπϕ(st,at) − rt − γQπϕ(st+1,at+1)

]) (8)
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Simply put, the single step epistemic uncertainty for a Q value estimator is simply the ex-
pected Bellman residual error projected through the loss function.

N-Step Epistemic Uncertainty

The single step epistemic uncertainty is only a measure of epistemic uncertainty of the Q-
value predicted against its target value. For RL methods which rely on bootstrapping, the
target value consists of a sampled reward and an estimatedQ-value of the next time step. To
obtain a more reliable estimate for epistemic uncertainty, it is important to account for the
epistemic uncertainty in the target value itself. This train of thought leads very naturally to
estimating epistemic uncertainty using the discounted sum of single step epistemic uncer-
tainties, which we refer to as Eϕ.

Eϕ(st,at) = Eπ,D

[
T∑
i=t

γi−t|δi(si, ai)|

]
(9)

Learning the N-Step Epistemic Uncertainty

In our experiments, we found that having neural networks learn (9) leads to very unstable
training due to value blowup. Instead, we propose simply learning its root, resulting in much
more stable training:

Eϕ(st,at) =

[
Eπ,D

[
T∑
i=t

γi−t|δi(si, ai)|

]] 1
2

(10)

This quantity can be learnt via bootstrapping, in the normal fashion thatQ-value estimators
are learnt using the following recursive sum:

Eϕ(st,at) =
(
δt(st,at) + γ(Eϕ(st+1,at+1))2

) 1
2 (11)

Equation 11 provides a learnable metric for epistemic uncertainty that can be learned via boot-
strapping forQ-value networks.

One detail is that (8) requires taking the expectation of the Bellman residual error projected
through the squared error loss. In practice, except for the simplest of environments, this is not
entirely possible as it requires access to the reward and next state distribution for given state
and action pair. In our experiments, we take the expectation of single state transition samples,
and note that this results in inflated estimates of epistemic uncertainty. More concisely, the
resulting learnt quantity is much closer to (3).

Explicit Epistemic Uncertainty Estimates on Gymnasium Environments

We implement DQN with explicit epistemic uncertainty estimation on four Gym environ-
ments with increasing difficulty and complexity [Brockman et al., 2016]: CartPole, Acrobot,
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MountainCar, and LunarLander. The goal is to study how this measurement behaves through-
out the learning process. Note that we do not use this measurement of epistemic uncer-
tainty to motivate exploration or mitigate risk as in other works, the goal is to simply
study its behaviour during a standard training run of DQN. We aggregate results over 150
runs using varying hyperparameters shown in Table 1.

On CartPole in Fig. 3, the epistemic uncertainty starts small, increases and then decreases,
while evaluation performance exhibits a mostly upward trend. This is perhaps expected, since
state diversity –and therefore reward diversity– starts small and increases during training,
model uncertainty follows the same initial trend. Eventually, model uncertainty falls as Q-
value predictions get more accurate through sufficient exploration andQ-value network up-
dates, leading to better performance and lower model uncertainties. This trend is similarly
observed in Acrobot and MountainCar, albeit to a lesser extent. Conversely, it is not observed
for the more challenging LunarLander, where the trend of the F-value increases monotoni-
cally and plateaus out in aggregate.

Analyzing results from individual runs reveals that in environments with rewards that vary
fairly smoothly such as CartPole and LunarLander (Figure 4(a)), the F-value can show either
performance collapse as in the example shown in CartPole, or indicate state exploration ac-
tivity as in LunarLander. In environments with sparse rewards such as Acrobot and Moun-
tainCar (Figure 4(b)), the F-value is indicative of agent learning progress: we observe spikes
in uncertainty when the model discovers crucial checkpoints in the environment. For Ac-
robot, this occurs when the upright position is reached and the reward penalty is stopped.
In MountainCar, this occurs when the agent first reaches the top of the mountain, which
completes the environment. More examples of similar plots are shown in Appendix 2.2.
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Figure 3: Aggregate episodic mean epistemic uncertainty and evaluation scores across four environ-
ments using DQN.
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Table 1: DQN Hyperparameters for CartPole, Acrobot, MountainCar and Lunarlander

Parameter Value

Constants
optimizer AdamW
number of hidden layers (all networks) 2
number of neurons per layer (all networks) 64
non-linearity ReLU
number of evaluation episodes 50
evaluation frequency every 10× 103 steps
total environment steps

CartPole 250× 103
Acrobot 250× 103
MountainCar 1× 106
LunarLander 1× 106

replay buffer size
CartPole 100× 103
Acrobot 100× 103
MountainCar 200× 103
LunarLander 200× 103

Ranges
minibatch size {128, 256, 512}
max gradient norm [0.25, 1.00]
learning rate [0.0001, 0.001]
exploration ratio [0.05, 0.15]
discount factor [0.980, 0.999]
gradient steps before target network update [500, 2000]
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Figure 4: Examples of episodic mean epistemic uncertainty behaviour on non-sparse reward environ-
ments using DQN.

182



Appendix

2.2 Examples of Epistemic Uncertainty Behaviour on Individual
Runs of Gym Environments

2.3 Exploring Performance Degradation in Ant-v4

The performance of CCGE starts degrading after about 300k timesteps. We suspect that
this is not an issue of instability in CCGE, but a result of catastrophic forgetting due to the
limited capacity of the FIFO replay buffer. Several additional experiments were performed
to pinpoint this reasoning. Here, we train both SAC and CCGE in Ant-v4 for 2 million
timesteps, with a replay buffer size of 3 × 105 and 5 × 105. In addition, we also imple-
ment a global distribution matching replay buffer [Isele and Cosgun, 2018] for both replay
buffer sizes for both learning algorithms. The IQM results for each configuration, displayed
in Fig. 9, were aggregated using 20 random initial seeds.

From the results, while the performance of CCGE in the default configuration does de-
grade to the peak level of SAC, the performance of SAC also ends up degrading a significant
amount when training is continued for an extended amount of time. Utilizing a larger replay
buffer size does aid in reducing this performance degradation in CCGE, but seems to hurt
performance in SAC. When using global distribution matching — a technique for circum-
venting catastrophic forgetting — the performance degradation of both CCGE and SAC is
much less severe, inline with the results obtained by Isele and Cosgun [2018].

The results here are interesting, posing an interesting question for future research on whether
CCGE can be used to reduce the replay buffer size through an oracle policy. That said, the
results also suggest that the performance degradation is not necessarily instability, nor is it an
artifact caused by CCGE’s implementation alone as it is also present in SAC.
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Figure 5: Episodic mean epistemic uncertainty and evaluation performance curves on various runs of
CartPole.
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Figure 6: Episodic mean epistemic uncertainty and evaluation performance curves on various runs of
Acrobot.
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Figure 7: Episodic mean epistemic uncertainty and evaluation performance curves on various runs of
MountainCar.
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Figure 8: Episodic mean epistemic uncertainty and evaluation performance curves on various runs of
LunarLander.
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Figure 9: Learning curves of CCGE and SAC on the Ant-v4 environment, using different replay
buffer sizes and different replay buffer forgetting techniques, trained for 2 million timesteps.
Runs with the _Ext extension denote experiments done with a replay buffer size of 5× 105,
and runs with the _RR extension denote experiments where global distribution matching was
used as a forgetting technique.
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2.4 SAC and CCGEHyperparameters forMujoco Tasks

Table 2: SAC and CCGE Hyperparameters for Hopper-v4, Walker2d-v4, HalfCheetah-v4 and Ant-
v4

Parameter Value

Constants
optimizer AdamW
learning rate 4e-4
batch size 256
number of hidden layers (all networks) 2
number of neurons per layer (all networks) 256
non-linearity ReLU
number of evaluation episodes 100
evaluation frequency every 10× 103 environment steps
total environment steps 1× 106
replay buffer size 300× 103
target entropy −dim(A)
discount factor (γ) 0.99

For CCGE only
confidence scale (λ) 1.0

2.5 AWAC, JSRL, and CCGEHyperparameters for AdroitHand Tasks

We utilize the same SAC backbone for all three algorithms. For JSRL, we utilize JSRL Ran-
dom as described in the original paper [Uchendu et al., 2022], supposedly a more performant
version of JSRL which allows the oracle policy to act for a random amount of timesteps in
each episode before the learning policy takes over.

2.6 AWAC, JSRL, and CCGEHyperparameters for PyFlyt Tasks

Part of the observation space in the PyFlyt Warpaint environments uses the Sequence space
from Gymnasium. As a result, using a vanilla neural network to represent the actor and critic
is insufficient due to the non-constant observation shapes. We utilize the network architec-
tures illustrated in Figure 10, which takes inspiration from graph neural networks to process
the waypoint observations and agent state separately. All algorithms utilize the same architec-
ture. For JSRL, we use JSRL Random — the more performant version of JSRL as described
in the original paper[Uchendu et al., 2022].
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Table 3: AWAC, JSRL, and CCGE Hyperparameters for AdroitHandDoorSparse-v1,
AdroitHandPen-v1 and AdroitHandHammer-v1.

Parameter Value

Constants
optimizer AdamW
learning rate 4e-4
batch size 512
number of hidden layers (all networks) 2
number of neurons per layer (all networks) 128
non-linearity ReLU
number of evaluation episodes 100
evaluation frequency every 10× 103 environment steps
total environment steps 1× 106
replay buffer size 300× 103
target entropy −dim(A)
discount factor (γ) 0.92

For CCGE only
confidence scale (λCCGE) 1.0

For AWAC only
Number of demonstration transitions 100× 103
Pretrain epochs 10
Lagrangian multiplier (λAWAC) 0.3

190



Appendix

Agent State

Waypoint Observation 1

Waypoint Observation 2

...

Positional
Embedding

1 
la

ye
r N

N
2 

la
ye

r N
N

1 
la

ye
r N

N

co
nc

at
en

at
e co

nc
at

en
at

e

1 
la

ye
r N

N

Action

1 
la

ye
r N

N

co
nc

at
en

at
e

1 
la

ye
r N

N

Optional Uncertainty
Measure, 

State-Action Value, 

Critic

Base Architecture Actor

Action, 

1 
la

ye
r N

N

Environment Observation

Figure 10: Block diagram of the architectures of the actor and critic used for PyFlyt experiments.

Table 4: AWAC, JSRL, and CCGE Hyperparameters for PyFlyt/Fixedwing-Waypoints-v0 and
PyFlyt/QuadX-Waypoints-v0.

Parameter Value

Constants
optimizer AdamW
learning rate 4e-4
batch size 1024
number of neurons per layer (all networks) 128
non-linearity ReLU
number of evaluation episodes 100
evaluation frequency every 10× 103 environment steps
total environment steps 1× 106
replay buffer size 300× 103
target entropy −dim(A)
discount factor (γ) 0.99

For CCGE only
confidence scale (λCCGE) 0.1

For AWAC only
Number of demonstration transitions 100× 103
Pretrain epochs 10
Lagrangian multiplier (λAWAC) 0.3
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