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Abstract

Deep learning in robotics has a data problem.

Over the past decade, deep learning has revolutionised the application of robotics in the

real world. From self-driving cars to drones and warehouse applications, deep learning

has become an integral tool in deploying robots into complex domains. Despite many

advances in training ef�ciency, operating performance, and inference speeds, there is one

key problem that remains in utilising deep models in real-world applications; data ef�ciency

due to the vast quantities of labelled data required for training.

Despite the clear successes that have emerged by using substantial manually annotated

datasets to satisfy this need, human labelling, such as drawing bounding boxes around vehi-

cles, is labour intensive, �nancially expensive and mentally unful�lling. These datasets are

extremely uneconomical and scale poorly to new geographic locations, weather conditions

and robotic tasks. Even when deployed in well-labelled domains, trained models may fail

when encountering novel data and have no means for self-improvement.

In this thesis we investigate the paradigm of self-supervised learningas a solution to these

shortcomings, in which high �delity training data is generated completely automatically

without any human supervision. In particular, our goal is to utilise domain knowledge in

expert systems for curating the data necessary to train deep models.

We apply this methodology on real-world tasks with clear commercial applications, such

as predicting drivable paths in camera imagery for mapless urban navigation, learning

ephemerality masks for robust monocular visual odometry, and learning keypoints for radar

odometry and localisation. Not only do we meet or exceed state-of-the-art performance in

these crucial tasks, but we do so with no human supervision. In sharing our approaches

and ideas from the past four years, we lay the foundations for more ef�cient and scalable

robot learning in the future.
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1Introduction

1.1 Motivation
Deep Neural Networks (DNNs) have become the de facto method for many tasks in real-

world robotic applications such as perception, planning, prediction and tracking. This is

extremely noticeable in autonomous vehicles, where DNNs have been integrated deeply

across all levels of the software stack including lower level tasks such as vehicle detection

[1], planning with intermediate representations [2] and controlling vehicles directly from

sensory inputs [3].

Despite the clear successes integrating and using DNNs in robotic applications, there

are still numerous pitfalls to their use. No constraint is more apparent than the colossal

amount of data required to learn meaningful representations which is typically addressed

in practice by expensive, albeit effective, manually labelled datasets. Modern publicly

available autonomous vehicle datasets contain up to hundreds of thousands of annotated

sensor frames, including millions of individually labelled objects [4]–[8]; clearly annotation

at such scales is infeasible for most robot learning practitioners.

The questions we must ask ourselves are: Is this a constraint we must accept? How much

longer is this approach viable? What can we implement to alleviate this data limitation?

Practical solutions to these issues could either look at reducing data requirements of training

DNNs or by reducing the burden to create labelled training data. This thesis focuses on the

latter.

We start with a general belief that continually collecting raw sensor data from a robot

system is considered free when compared to the alternative of human annotation. Given

this corpus of ever growing sensor data, continually encountering new lighting, weather

and traf�c conditions, we aim to employ prior domain knowledge to automatically label

data in a semantically meaningful way, with no human supervision. A DNN trained on the

resulting data can both run signi�cantly faster than the originating labelling method, and

be deployed within reason to new locations and conditions not previously encountered.

We refer to this automatic data generation and DNN learning paradigm asself-supervised
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learning. By intelligently integrating these DNNs in existing systems or novel architectures,

we can signi�cantly improve performance in real-world robotics tasks.

1.2 Contributions
This thesis explores methods in which self-supervised learning can be used to reduce manual

labelling effort, with the goal of improving the scalability of deep learning applications in

robot learning. The solutions we present tackle fundamental real-world robotics problems

with obvious commercial applications. Additionally, we surmise that these self-supervised

approaches and techniques can readily be extended and applied to other tasks in the future.

The principal contributions of this thesis are in devising and deploying approaches for

effective self-supervision in scalable robot learning. First, we conceive of high-�delity

automatic data annotation systems applicable to a diverse set of downstream robotics tasks.

By using only raw sensor data as inputs and domain knowledge in the form of expert

systems as the labelling mechanism, we collect and label unlimited sensor data from novel

traf�c, weather and lighting conditions with no human supervision. Second, we exploit this

automatically labelled data in a self-supervised learning paradigm, to train DNNs which

would normally require vast quantities of manual annotations. Third, we integrate these

DNNs into robotic systems to signi�cantly improve performance in several core real-world

applications.

In applying this methodology, we present these additional signi�cant contributions to

speci�c robotics tasks:

• Learning to segment drivable paths in monocular camera imagery which follow the rules

of the road in complex urban environments.

• Integrating DNNs within existing sparse and dense visual odometry (VO) systems to

identify stable structure and enable robust monocular VO in cluttered urban scenes.

• Developing novel dense and sparse architectures to unify learning methods with classical

approaches for state-of-the-art radar odometry (RO) and localisation.

• Releasing the largest urban radar dataset of its kind to the research community to spur

academic interest in a promising yet underutilised modality.

1.2 Contributions 2



1.3 Publications
The following publications implement the self-supervised learning methodology presented

in Section 1.1 and form the core �ndings of this thesis:

• Find Your Own Way: Weakly-Supervised Segmentation of Path Proposals for Urban

Autonomy

Dan Barnes, Will Maddern and Ingmar Posner

IEEE International Conference on Robotics and Automation (ICRA), 2017

• Driven to Distraction: Self-Supervised Distractor Learning for Robust Monocular Visual

Odometry in Urban Environments

Dan Barnes, Will Maddern, Geoffrey Pascoe and Ingmar Posner

IEEE International Conference on Robotics and Automation (ICRA), 2018

• Masking by Moving: Learning Distraction-Free Radar Odometry from Pose Information

Dan Barnes, Rob Weston and Ingmar Posner

Conference on Robot Learning (CoRL), 2019

• Under the Radar: Learning to Predict Robust Keypoints for Odometry Estimation and

Metric Localisation in Radar

Dan Barnes and Ingmar Posner

IEEE International Conference on Robotics and Automation (ICRA), 2020

In addition to theoretical contributions, considerable effort and resources have been

invested to collect data suited for evaluating our hypothesis. The resulting dataset forms

a key component to our narrative as detailed in the following publication, as well as a

signi�cant contribution to the academic community.

• The Oxford Radar RobotCar Dataset: A Radar Extension to the Oxford RobotCar Dataset

Dan Barnes, Matthew Gadd, Paul Murcutt, Paul Newman and Ingmar Posner

IEEE International Conference on Robotics and Automation (ICRA), 2020

Further information on all projects including presentations and videos can be found at:

https://dbarnes.github.io
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1.4 Thesis Outline
In this section we provide a brief outline of the thesis and our work in applying self-

supervision to scalable robot learning.

1.4.1 Drivable Path Segmentation
Scene understanding and path planning, identifying where a robot can safely travel, is

a critical component for safe navigation in both robot-only and shared settings. In the

context of autonomous vehicles, given the structured nature of urban driving, all vehicles

must follow the rules of the road. A typical Advanced Driver-Assistance System (ADAS)

relies on simpli�ed road models extracted from sensor data to plan in. However, without

clear or consistent lane markings in ever more complex environments, this is becoming

increasingly challenging and an alternative approach is required. In Chapter 3 we present

a self-supervised approach to automatically segment proposed drivable paths in camera

imagery without requiring any manual annotations. We achieve this by using human driving

demonstrations, along with understanding of the scene geometry and other expert systems,

to automatically label drivable paths and obstacles in camera imagery. We evaluate our

method on two diverse datasets [7], [9] showing reliable path and obstacle segmentations

in a wide variety of environments. To the best of our knowledge, ours was the �rst system

to achieve such outputs in a self-supervised way without human involvement.

1.4.2 Egomotion with Learnt Ephemerality
Prior work has demonstrated the bene�ts of identifying distractor objects for improving

VO estimation in highly dynamic, heavily cluttered urban environments [10]. For example

sizeable moving agents in the scene, such as buses, can occupy the majority of a camera's

�eld of view; hence accounting for this motion is essential for correct egomotion estimation

and safe operation. A key limitation of the prior work is the inability to operate outside

of previously mapped areas, as a Three-Dimensional (3D) map is used to estimate which

objects are ephemeral, typically moving vehicles, and which objects belong to the underlying

static scene, such as buildings and roads. In Chapter 4 we present a self-supervised approach

for ignoring distractors in camera images. We do this by leveraging of�ine multi-session

1.4 Thesis Outline 4



mapping to automatically label per-pixel ephemerality masks and depth maps. We show

that at run-time, by using the predicted ephemerality masks to weight sparse and dense VO

matches, we can recover the correct egomotion even with signi�cant independently moving

distractor objects. Furthermore, we show that by training our model to predict absolute

depth from single image inputs, we are able to yield robust metric-scale VO using only a

monocular camera in urban environments.

1.4.3 Large-Scale Urban Radar Dataset Collection
Safety critical applications such as autonomous vehicles employ various sensor modalities,

such as vison, Radio Detection and Ranging (radar) and Light Detection and Ranging

(lidar), for redundancy to ensure reliable operation in challenging conditions. A key

limitation of both vision and lidar is vulnerability to common environmental conditions

such as: low-light, sun glare, fog, rain and snow. Frequency Modulated Continuous Wave

(FMCW) radar shows promise in tackling some of these shortcomings due to its wavelength.

However, there are few publicly available datasets to evaluate this hypothesis. To this

end, in Chapter 5 we present a radar extension to the Oxford RobotCar Dataset [9]. With

a full sensor suite, we collected data over 280 km of urban city driving encompassing a

variety of weather, traf�c, and lighting conditions. Furthermore, ground truth trajectories

were optimised completely automatically, enabling the self-supervised work discussed in

Chapters 6 and 7. We share the entirety of the dataset with the community to foster and

promote development in this interesting modality.

1.4.4 Distraction-Free Radar Odometry Estimation
Highly accurate RO is possible using FMCW radar [11]. However, there is still a noticeable

gap to vision and lidar odometry performance [12], [13]. In Chapter 4 we demonstrate

improving visual egomotion estimation by learning to mask distractor objects. Although

this proved to be a successful approach, these masks were not necessarily optimal for pose

estimation. The masks were instead trained on the proxy task of segmenting temporally

stable objects such as buildings and walls. In Chapter 6 we improve on this approach by

learning to mask for the speci�c motion estimation algorithm, rather than on some other

1.4 Thesis Outline 5



proxy task, and in the process produce the state-of-the-art in RO. Our primary contribution

is to embed a differentiable pose estimator within our architecture, thereby enabling us

to learn radar masks optimised for the speci�c pose estimator. Due to ubiquitous sensing

artefacts in radar scans and moving vehicles in urban environments, our architecture

naturally learns to retain only the static structure in the scene with no explicit mask

supervision. We additionally propose a strategy for producing calibrated pose uncertainties

from our architecture, crucial for real-world robotics applications.

1.4.5 Self-Supervised Radar Keypoint Learning
In Chapter 6 we present a method to achieve state-of-the-art RO. Although trained on pose

error alone, the formulation naturally learns to retain only the static structure in radar

scans which can then be used for other applications such as dense mapping. Conversely,

sparse odometry methods typically use keypoints that can be more readily used for other

applications, such as place recognition and sparse optical �ow. The prior state-of-the-art in

sparse RO [11] devises hand-crafted keypoints to be used in motion estimation. In Chapter 7

we improve on these approaches by learning a keypoint detector for radar which is optimised

for pose estimation. Our main contribution, in a similar fashion to Chapter 6, is to embed a

differentiable keypoint-based pose estimator within our architecture; enabling us to learn

keypoints reusable for other tasks without imposing any prior human assumptions. We

show that the keypoint-based approach produces accurate motion estimates, outperforming

the prior state-of-the-art in sparse RO. Finally, as the keypoints are reliably detected on the

static structure they can be reused for place recognition, and we utilise this to present a full

real-time mapping and localisation framework in radar.

1.5 Impact
The main contribution of this thesis is in developing system-level supervision for DNNs

in real-world urban robotics. However, in addition to the academic bene�ts detailed in

the following chapters, there are clearly commercial applications both for the scalable

learning regimes and developed solutions. To that end, each of the projects in Chapters 3

to 7 are either licensed, or are undergoing licensing, by Oxford University Innovation

1.5 Impact 6



for commercialisation. Furthermore, the works detailed in both Chapters 3 and 4 are

undergoing patent approval and have been licensed by a commercial entity.

1.5 Impact 7



2Background

The detailed contributions of this thesis are provided in Chapters 3 to 7. Each represents

a publication with a targeted study of the literature which is not repeated here. This

chapter instead aims to provide a broad overview of the overarching themes related to the

applications we cover. The concepts and ideas presented in the following chapters have

applicability across different sensor modalities and robotic platforms. Nevertheless, as the

primary data collection and evaluation platform in this thesis, we frame our background

discussion around urban mobile robotics and in particular autonomous vehicles.

2.1 Autonomous Vehicles
Urban driving is an extremely complex task even for humans to execute. Between predicting

the intentions of other agents in the scene to controlling the vehicle itself, there is a lot for

a driver to process. Poor weather and lighting conditions and high-level route planning all

add cognitive strain. Although particularly demanding in autonomous driving, these key

challenges are ubiquitous across robotics and can be summarised as: Where am I? What's

around me? and What should I do next? For this reason, and the complexity in autonomous

vehicle design and deployment, this application is a well-suited proxy for utilising robotics

in other domains.

The Oxford RobotCar1 platform, a modi�ed Nissan LEAF, is used as the primary data

collection and evaluation vehicle in this thesis. The vehicle sensor suite is comparable

to commercial autonomous vehicles including position sensors (GPS/INS), range sensors

(3D/2D lidar and radar) and image sensors (stereo/monocular) as well as using high

accuracy calibration and time synchronisation tools detailed further in [9] and Chapter 5.

Typical sensor data can be seen in Figure 2.1, with each sensor offering their own strengths

and weaknesses; for example, vision is useful for detecting traf�c light state but struggles

with fog, whilst radar offer consistent returns but suffers signi�cant sensing artefacts. When

the different modalities are used jointly for sensor redundancy, the vehicle is privy to richer

1https://ori.ox.ac.uk/robotcar-overview - with additional 3D lidars and radar

8



Figure 2.1: Example sensor data on the Oxford RobotCar1, a modi�ed Nissan LEAF used as the
primary data collection and evaluation vehicle in this thesis. Although each modality has
its own strengths and weaknesses, when used jointly they enable improved performance
for safely navigating in the real world. In addition to online sensors, the car may have
access to prior maps which can include detailed 3D information of the environment
such as traf�c lights, road layouts and lane connectivity, but are extremely expensive to
create and challenging to maintain.

information and can navigate safely in the real world. The wealth of data on offer enables

remarkable opportunities for analysing and extracting semantics from the world. This

avenue is exploited in the coming chapters for automatic data annotation.

Given this wealth of sensor and map data, a simpli�ed systems diagram for an urban

autonomous vehicle is shown in Figure 2.2, where the green arrows represent data �ow.

The data is processed in order to understand both where the vehicle is and what is located

nearby, before planning and executing the most optimal path to take. Notably, unlike lower

cost robot applications, autonomous vehicles typically rely on extremely expensive inputs

(both �nancially and in terms of human supervision) such as lidar [1] and prior maps

[14]. Despite the high accuracy and semantically meaningful 3D data these sources can

2.1 Autonomous Vehicles 9



Figure 2.2: A simpli�ed systems diagram for an urban autonomous vehicle where green arrows
represent data �ow. The vehicle receives input data (left) both from sensors mounted
on the vehicle and an optional prior map. All the raw sensor and optional map data
are fused together and processed by the perception and localisation modules (middle),
so that the vehicle knows what is nearby and where it is located. Finally, with all this
knowledge and a high level plan, the vehicle can safely plan and execute a trajectory in
the real world (right). In this thesis we investigate a subset of these tasks as highlighted.

provide, they limit wider-scale deployment due to their cost and excessive labelling time

requirements. The works presented in this thesis reduce some of these constraints through

the use of self-supervised learning.

To validate our self-supervised methodology, we target a subset of the core tasks from

Figure 2.2 as highlighted, which include: behavioural planning in monocular camera

imagery in Chapter 3, semantic segmentation in the form of ephemerality mask prediction

in vision and radar in Chapters 4 and 6, depth estimation in monocular camera imagery in

Chapter 4, egomotion estimation in vision in Chapter 4 and radar in Chapters 6 and 7, and

mapping and localisation in radar in Chapter 7.

In reality, these clear subsystem distinctions become blurred as individual components

become more heterogeneous in nature, sharing computation between tasks. This is primarily

as a consequence of joint inference proving to be more performant for certain tasks, for

example when inferring both semantic segmentation and object detection. Nevertheless,

2.1 Autonomous Vehicles 10



this chapter provides background on two speci�c tasks which broadly cover the application-

speci�c contributions presented in this thesis: path planning and egomotion estimation. In

providing this complementary background we facilitate a smooth transition to the focused

literature reviews in Chapters 3 to 7.

2.2 Path Planning
Path planning is extremely challenging in urban scenarios and requires balancing many

constraints. An optimal path must traverse free space on the road, in the vehicle's own lane

and in such a way as to convey future intentions to other agents in the environment, all

whilst attempting to follow a higher-level plan. As such, path planning for autonomous

vehicles can be conceptually thought of as three sequential tasks:mission planning(balanc-

ing high-level objectives such as determining the topological route to a �nal destination),

behavioural planning(creating a local plan following the rules of the road and other agents

in the scene), andmotion planning (generating the appropriate vehicle commands).

If we presume mission planning is accounted for, the autonomous driving literature

can be separated into three main paradigms [15]: mediated perception approaches that

semantically parse a scene to make a driving decision, behaviour re�ex approaches that

directly map an input image to a driving action, and direct perception approaches that fall

in between. Each of these has seen vast learning-based developments in recent years.

Inferring scene semantics in mediated perception approaches, such as lane boundaries,

enjoyed many successes prior to learning-based methods due to the inherent on-road

visual structure [16]–[18]. These methods typically employ shape, colour and brightness

operations such as template matching, colour space mappings and thresholding. In well-

marked, well-lit urban environments these perform well, yet generalise poorly under drastic

changes in local lighting conditions or in areas devoid of road markings. DNN models

have slowly replaced these methods to address some of these shortcomings such as for

lane boundary estimation [19] and semantic segmentation [20], [21]. As an optional

pre-planning step, per-frame semantics can be accumulated into a local map from which to

generate a vehicle plan.

2.2 Path Planning 11



Conversely, robot learning has enabled behaviour re�ex approaches where a direct map-

ping is learnt from sensor input to vehicle commands. This idea dates back to 1989 [22]

where a 3-layer DNN named ALVINN (Autonomous Land Vehicle In a Neural Network) was

trained for the task of road following by learning to regress to human steering commands.

This idea of imitation learning has persisted to this day, and in 2016 [23] Nvidia demon-

strated real-world driving using this approach in complex urban scenes amongst other

vehicles. Recent approaches have also shown the ability to transfer trained models from

simulation to real-world environments [24], as well as accept higher level plan conditioning

[3]. However, arguments against re�ex approaches cite both the large amounts of data

required and the lack of generalisation/interpretability, a motivating factor in our work.

Chapter 3 presents an approach with a different narrative to these three paradigms. An

imitation learning approach is used to replicate human expert driver trajectories which

follow the rules of the road, but rather than regressing to steering commands, our method

predicts vehicle trajectories in image space. As a consequence, this method retains the

bene�ts of re�ex approaches with additional interpretability, as well as providing a useful

semantic representation for other downstream tasks, all without any manual annotation.

2.3 Egomotion Estimation
Egomotion estimation is a core task in deploying robots in the real world and has been

an active �eld of research for decades. In the context of autonomous vehicles, without

accurate egomotion, plans can not be safely executed no matter how optimal they may be.

Approaches for estimating egomotion differ drastically based on the sensor modality (or

combination of sensor modalities) used. In this thesis we investigate egomotion estimation

in vision and radar limited only to processing sequential frames, and give an overview of

these modalities in the following sections.

Broadly speaking, odometry approaches in vision and radar can be categorised as

sparse/dense(describing how much of the input data is used) and indirect/direct (de-

scribing how the input data is used). Sparse odometry approaches use only a subset of the

input data at certain locations whereas dense methods use all of the input data. Direct meth-

ods use sensor returns directly for estimating motion, such as pixel intensities in vision and

2.3 Egomotion Estimation 12



power returns in radar. In contrast, indirect methods extract descriptors sparsely/densely

from the data, usually computed from a local neighbourhood. Needless to say, these distinct

categories are a simpli�cation, as some hybrid methods may be described as semi-dense

[25] or semi-direct [26], and the separation between these terms is somewhat continuous.

2.3.1 Vision
Egomotion estimation in vision, or visual odometry (VO), is one of the most researched

tasks in computer vision. The natural world is abundant with texture and colour, making

vision a well-suited modality for egomotion estimation. However, there are numerous

potential challenges with using standard commercial cameras for VO in the real world. For

example, challenges in automotive applications could include: poor visibility at night, sun

glare at dawn/dusk or from vehicle headlights, vulnerability to weather conditions such

as rain, snow and fog and no explicit measure of depth. Furthermore, common camera

setups provide a limited �eld of view which is highly vulnerable to occlusion from large

independently moving objects common to urban settings, such as buses, which drastically

degrade VO performance.

A common approach to VO is indirect, sparse and revolves around descriptor matching.

First, sparse interest points are extracted from an input image using feature detectors and

descriptors such as Scale-Invariant Feature Transform (SIFT) [27], Speeded Up Robust

Features (SURF) [28], Features from Accelerated Segment Test (FAST) [29] and Oriented

Rotated BRIEF (ORB) [30]. Second, feature matching presents the most likely feature

associations between frames using the individual interest point descriptors. Finally the

matches are supplied to a robust motion estimator, for example using RANSAC [31], to

estimate the motion between frames. This approach, although simple, can yield state-of-

the-art results [30], [32].

Direct VO methods claim to be more robust to drastic viewpoint changes and motion blur

as they are usually denser than indirect methods, hence calculating motion from a larger set

of input pixels, and take advantage of other geometric structure in the scene such as lines

and curves. A large majority of direct VO algorithms are semi-dense and select pixels in the

camera frame to use for optimisation, for example regions with non-negligible intensity
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gradients [25], [33]. Various error metrics can then be used to optimise the motion estimate

given this subset of sensor data such as: Photometric Error [34], [35], Mutual Information

[36] and Normalised Information Distance (NID) [37]. Although direct methods have

the potential to be vastly more computationally intensive depending on density, real-time

Central Processing Unit (CPU) approaches [25], [33] exist and the highly parallelisable

formulations can readily be implemented on Graphics Processing Units (GPUs).

Whereas most contributions in the literature focus on a subset of VO approaches, Chap-

ter 4 presents a method for improving any VO system by masking out distractor objects

in camera imagery without any human annotation. In doing so, poor regions for motion

estimation, such as moving vehicles, are heavily downweighted and instead only the stable

static structure in the scene, such as walls and buildings, is used. Additionally, the proposed

method is completely model free and learns to ignore other sensor artefacts which degrade

VO performance, such as water droplets and sun glare, all from raw sensor data alone.

Finally, by learning to predict absolute depth from monocular camera imagery in a self-

supervised manner, we present robust sparse and dense monocular VO implementations for

distractor free egomotion estimation in urban environments.

2.3.2 Radar
Egomotion estimation in radar, or radar odometry (RO), is an exciting area of research in a

modality promising a hardware-based solution to some of the shortcomings of other sensors.

Radar data can vary greatly between sensors, from sparse to dense returns with/without

Doppler information, to varying range and angular resolutions. In automotive applications,

radar is often used as a core modality for adaptive cruise control and ADAS to measure the

position and velocities of nearby vehicles.

In this thesis we investigate RO with dense FMCW scanning radar data without Doppler

information around 77Ghz, the band commonly used for long-range automotive applica-

tions. Notably, this class of radar holds promise in addressing some of the challenges in

vision due to the wavelength used, such as visibility in low light and challenging weather

conditions. The publications in Chapters 5 to 7 present further in-depth discussions and

visualisations of the radar data used which we do not reproduce here.
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Indirect methods for RO can follow a similar regime to VO and indeed visual features

have been directly applied to radar, such as SIFT [38] in maritime settings and FAST [39]

in urban settings. Needless to say, radar data has vastly different sensor characteristics to

camera data and so directly applying visual features may not be the most prudent approach.

In contrast, radar-speci�c features such as Constant False Alarm Rate (CFAR) �ltering [40]

or grid-map features such as Binary Annular Statistics Descriptor (BASD) [41] have been

used to mitigate some of these factors, for example by modelling the radar characteristics

more closely. More recently the work of Cen et al. [11] �nds correspondences between

point features extracted from raw scans using a shape similarity metric at close to real-time,

showing the viability of accurate RO in urban environments.

Nevertheless, due to the complex interactions between radar sensors and the local

environment, predicting keypoint locations and descriptors with manually tuned algorithms

and heuristics remains a challenging task. For example, visual feature detectors applied

to radar are prone to false positives [11] and hence degrade RO performance. Chapter 7

provides a solution with an approach that imposes no human assumptions on what makes

a suitable keypoint, instead learning a keypoint detector in a self-supervised manner from

raw radar data alone. The learned keypoints are localised to the static structure in the

scene (ignoring prevalent sensing artefacts), facilitating robust matching between frames

and a new state-of-the-art in sparse RO. Furthermore, by additionally reusing the learned

keypoints for place recognition, we present a real-time mapping and localisation system in

radar.

Due to the aforementioned challenges in manually designed keypoint extraction in radar,

direct, landmark-free approaches provide an attractive alternative. Rouveure et al. [42] use

a 3D cross-correlation formulation with ground-based radar for Simultaneous Localisation

and Mapping (SLAM) over multi-km trajectories showing that reliable direct matching is

viable. Alternatively Checchin et al. [43] apply the Fourier Mellin Transform (FMT) in

a similar experimental setup as an ef�cient way of computing the rigid transformation

between consecutive scans.

Despite the success of these approaches they still struggle with the heterogeneous sensing

artefacts present when using radar in urban settings. Chapter 6 proposes a method to
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mitigate this limitation by learning to mask out the adverse sensing artefacts using raw

radar data alone. The learned dense masks suppress sensing artefacts, such as speckle noise,

saturations and ghost re�ections, whilst preserving the static structure in the scene optimal

for dense RO methods (as well as other downstream tasks such as radar-based mapping).

By doing so we present a fast and robust state-of-the-art RO system utilising the advantages

of both learning and non-learning methods, all without any human supervision.

2.4 Neural Networks in Robot Learning
This thesis centers around the scalable and ef�cient training of DNNs in robot learning and

their use in core urban mobile robotics tasks. Despite the widespread use of DNNs today,

practical deployment of neural networks has been a fairly recent development, largely due

to computational requirements. Conversely, academic interest spans decades to 1943 [44]

when McCulloch et al. presented a simple model of how neurons function using electrical

circuits, the building block of neural networks. Almost two decades later Window and Hoff

developed the �rst Arti�cial Neural Networks (ANNs) deployed to a real-world problem

[45], eliminating echoes on phone lines, and are still in service today.

By adding multiple hidden layers of neurons in DNNs and vision-inspired convolution

layers in Convolutional Neural Networks (CNNs), we form the types of ANNs used today

[46]. However, it was not until 1998 that the �rst of what can be considered a modern

day DNN application occurred. LeCun et al. [47] used backpropagation to learn the

coef�cients of a CNN classi�er for hand-written digits directly from images. The approach

was fully automatic and gave better model parameters than manual design, reinvigorating

the interest in CNNs for computer vision applications. Since then, DNNs and CNNs have

largely taken the same form, albeit with numerous advances in model design varying from

differentiable sampling kernels [48] to Long Short-Term Memory units (LSTMs) [49] as

well as computational ef�ciency gains by utilising GPU hardware [50]–[52].

Spurred on by these discoveries in the two decades since, applied uses of DNNs have

skyrocketed and applications can now be found ubiquitously in society from neural machine

translation [53] and speech synthesis [54] to medical applications [55]. In robotics, and

speci�cally autonomous vehicles, DNNs have been integrated right from lower level tasks
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such as vehicle detection [1], through planning with intermediate representations [2] and

all the way to controlling vehicles directly from sensory inputs [3], [23].

These learning methods offer an alternative to more classical algorithm design, and often

reach state-of-the-art performance in their respective tasks. Despite this, it is worth noting

that there are many cases where DNNs are less favourable in practice, for example due to

their lack of interpretability. As performance demands in the real world have increased,

so have DNN model complexity and with it the huge amount of labelled data needed to

train models for safe deployment [56]. While there are some large datasets available to

the public in the context of autonomous vehicles [4]–[9], they are extremely expensive

to create, are largely system/application speci�c and do not necessarily scale well to new

environments or conditions.

A simpli�ed process of DNN design and development in robotics applications is shown

in Figure 2.3, which consists of three main stages: data curation (data collection and

annotation), model design and training, and model deployment. During design and

deployment a model's performance will continually be monitored to ensure safe operation.

If at any point performance is insuf�cient, we are left with two options: changes to the

model design and training, or collecting/generating more annotated data (which is often

seen as an attractive choice [57]). Although raw data collection itself is relatively cheap

and easy (and is often a side effect of other autonomous operations), the corresponding

annotation can be extremely time consuming and expensive. For example, a common

dataset used for DNN pretraining [56] consists of over a million images with class labels,

each of which has been manually veri�ed; at 2 images/sec [58] this is clearly infeasible for

an individual. Even with highly streamlined commercial services, the �nancial cost limits

most practical applications. For example semantic segmentation labelling costs over $5 per

image [59] which hardly scales to tens or hundreds of thousands of images. Conversely, if

there was a way to automate annotation with an expert system, we can signi�cantly speed

up this development cycle by requiring no manual supervision.

As discussed in Chapter 1, automatic data annotation using expert systems for robot

learning is the core contribution of this thesis. It is this self-supervised learning paradigm

that inspires us to address some of the shortcomings in deploying DNNs in real-world tasks.
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Figure 2.3: A simpli�ed systems diagram for training DNNs in self-supervised robot learning. For a
given task we �rst collect raw sensor data (left) and annotations to use as examples for
training. Annotations can be created manually, such as labelling bounding boxes, but this
can be extremely time consuming and expensive. Alternately, as is the focus of this thesis,
we can use expert systems to annotate automatically, labelling a practically unlimited
amount of data. With a now annotated dataset, we iterate though model design, training
and evaluation (middle) until a model performs suf�ciently for deployment (right).
Whilst at any point automatic annotation methods can generate new data with zero
human effort, for example if deployed to a new geographic location, manual annotation
adds signi�cant cost and scalability limitations to this learning cycle.

To truly scale robot learning in the future, we need expert systems that accurately and

automatically annotate the data required to train and deploy DNNs in the real world.
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3Find Your Own Way:

Weakly-Supervised Segmentation

of Path Proposals for Urban

Autonomy

The �rst application of self-supervised learning in this thesis concerns behavioural path

planning, a fundamental task in autonomous driving. Knowing how to safely navigate

in uncertain urban environments is an extremely challenging task – even for humans.

As detailed in Sections 2.1 and 2.2 there are many factors for a driver to consider, from

perceiving the local road layout to predicting the intentions of other vehicles.

Commercial driver assistance systems typically depend on visual recognition of road

markings and explicit de�nitions of lanes and traf�c rules, constraining them to well-

maintained roads with basic road layouts. The task can be simpli�ed using prior maps with

exhaustively labelled road layouts and lane connectivity. However, this approach still needs

to track local agents and mandates signi�cant labelling effort to keep prior maps up to date

when road layouts change. To address these limitations, we need a solution that learns to

traverse complex road layouts with no human supervision or prior map.

In this publication, we present a self-supervised approach to segment drivable paths in

camera imagery with the goal of mapless autonomous driving. By exploiting human driving,

additional vehicle sensors and local scene geometry, an expert system can automatically

label drivable paths and untraversable obstacles in monocular camera imagery with no

manual annotation. In doing so, vast quantities of realistic vehicle paths are automatically

labelled across a diverse range of road layouts, traf�c con�gurations and weather conditions,

only limited by the time spent driving the data collection vehicle. When deployed with a

monocular camera alone, the system predicts drivable paths suitable for autonomous urban

navigation, as well as untraversable obstacles, at well over real-time speeds.

This manuscript was presented at the IEEE International Conference on Robotics and

Automation (ICRA), 2017 [60]. A video summary of the publication can be found at:

http://youtu.be/rbZ8ck_1nZk
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