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Abstract

Vision systems are foundational to a wide range of real-world applications, including
autonomous vehicles navigating complex urban environments, drones performing in-
frastructure inspection, and robots operating in hazardous or remote settings. These
applications increasingly depend on diverse and specialised camera hardware, such
as fisheye, thermal, and multimodal systems, which challenge the assumptions of
conventional computer vision pipelines. Existing approaches typically require labour-
intensive calibration, handcrafted adaptation for each camera type, and large labelled
datasets. These limitations hinder the deployment of custom vision systems that pro-
vide critical robustness and performance. The need for increasing diversity of camera
hardware is clear. This thesis addresses the central question: how can we build plug-
and-play vision systems that generalise across camera types and sensing modalities
with minimal human intervention? To this end, we present three key contributions
in the areas of self-calibration, network adaptation, and multimodal fusion.

First, we introduce NOCalL, a semi-supervised framework that jointly estimates cam-
era intrinsics, distortion, and odometry using a rendering-based self-supervision sig-
nal. By leveraging light field neural representations and a hypernetwork architec-
ture, NOCaL achieves accurate camera parameter estimation and egomotion using
unlabelled data. Second, we propose RectConv, a deformable convolutional layer
that enables pretrained convolutional neural networks to operate on previously un-
seen camera geometries such as fisheye lenses. This is achieved without retraining
or explicit image rectification. Third, we develop a transformer-based architecture
for multi-camera, multi-modal integration. The model introduces a ray-based rotary
positional embedding that encodes both viewpoint and modality information. This
embedding enables effective integration of RGB and thermal imagery into a shared,
geometrically consistent scene representation.

Extensive experiments on real and synthetic datasets show that these methods reduce
the need for labelled data, manual calibration, and camera-specific engineering. To-
gether, they demonstrate that ray-based, self-supervised representations can support
flexible and generalisable vision systems that adapt to new hardware and sensing
configurations. The contributions of this thesis have potential impact in domains
where robust perception is critical, such as autonomous navigation, environmental
monitoring, planetary exploration, and field robotics. By reducing the cost and com-
plexity of deploying custom vision systems, this work helps pave the way towards
more adaptable, accessible, and intelligent machine perception.



Acknowledgements

This thesis would not have been possible without the help of a great number of
people. First and foremost, my supervisor Dr. Donald Dansereau, who has been
extraordinarily generous with his time, knowledge and support; also for his invaluable
feedback over the past years. Additionally, I would like to thank Don for instilling in
me a genuine intrigue for computer vision and research, without whom I might never
have discovered.

Thanks goes to the Robotic Imaging Group with all of its members past and present.
They have provided a fruitful and engaging environment to discuss and get feedback
on ideas and challenges. It has been a pleasure to work with every single one of them.

I would like to express my gratitude to students and researchers at the Australian
Centre for Robotics. It has been a supportive and creative environment while I
completed my PhD. I would also like to thank the administrative staff for their support
and care. I never would have been able to navigate the university administrative
system without them.

Lastly, I would like to thank my friends and family for their support throughout the
years; to Paul for generously proofreading this thesis; and a special thanks to my
partner, Lily, for her unconditional belief in me.

This research was supported in part through the NVIDIA Academic Grant Program.
This research was also undertaken with the assistance of resources from the Na-
tional Computational Infrastructure (NCI Australia), an NCRIS enabled capability
supported by the Australian Government. Providing crucial compute resources.

Thanks to EPIImaging LLC for their support in providing hardware.

Financial support was provided by an Australian Government Research Training Pro-
gram (RTP) Scholarship, as well as being supported in part by funding from Ford
Motor Company.

During the preparation of the thesis ChatGPT was used as a tool for text editing, uses
included paraphrasing, sentence structuring and spelling. Where text was modified
by generative Al, the content was reviewed for possible errors, inaccuracies, and bias.
All ideas and content presented in this thesis were conceptualised without the aid of
Al



Author Attribution Statement

Parts of this thesis are based on the following:

e Chapter 3 of this thesis is published as [40], R. Griffiths, J. Naylor, and D.
G. Dansereau, “NOCalL: Calibration-free semi-supervised learning of odometry
and camera intrinsics” In IEEE International Conference on Robotics and Au-
tomation (ICRA), pages 4056-4062, 2023.

I designed the study, analysed the data and wrote the drafts of the manuscript.

e Chapter 4 of this thesis is published as [38], R. Griffiths, and D. G. Dansereau,
“Adapting CNNs for Fisheye Cameras without Retraining” In IEEE Interna-
tional Joint Conference on Neural Networks (IJCNN), 2025
I designed the study, analysed the data and wrote the drafts of the manuscript.

e Chapter 5 of this thesis is published as [39], R. Griffiths, and D. G. Dansereau,
“RoRE: Rotary Ray Embedding for Generalised Multi-Modal Scene Under-
standing” In The International Conference on Learning Representations (ICLR),
2026
I designed the study, analysed the data and wrote the drafts of the manuscript.

In addition to the authorship attribution statements above, in cases where I am not
the corresponding author of a published item, permission to include the published
material has been granted by the corresponding author.

Ryan Ben Griffiths
March 2026

As supervisor for the candidature upon which this thesis is based, I can confirm that
the authorship attribution statements above are correct.

Dr. Donald Dansereau

March 2026



This thesis is dedicated to the approximately 3200 cups of tea it took to complete.



Contents

Statement of Originality i
Abstract ii
Acknowledgements iii
Author Attribution Statement iv
Contents vi
List of Figures X
List of Tables xiii
Nomenclature Xiv

1 Introduction
1.1 Motivation . . . . . . . ..o
1.1.1  What is Vision Anyway? . . . . . . . . . ... ... ... ...
1.1.2  Designing to See . . . . . . ..o
1.2 Problem Statement . . . . . . .. ..o
1.3 Contributions . . . . . . . ...

© N O e NN -

1.4 Outline. . . . . . . . .



Contents vii

2 Background 11
2.1 Cameras . . . ... 12
2.1.1 Camera Technologies . . . . . . . .. ... .. ... ...... 12
2.1.2 CQalibration . . .. .. ... ... 15

2.1.3 Ray Parameterisation . . . . . . .. ... ... 0L 20
2.1.4 Light Fields and the Plenoptic Function . . . . ... ... .. 22
2.1.5 Heterogeneous Camera Systems . . . . . . ... .. ... ... 24

2.2 Neural Rendering . . . . . . . . .. ... 25
2.2.1 Representations . . . . . .. . ... Lo 27

2.2.2 Approaches . . . . . ... 27
2.2.3 Positional Encoding and Embedding . . . . . . ... ... .. 30

2.3 Applications . . . . . .. 32
2.3.1 Odometry . . . . . . .. 33
2.3.2 Depth Estimation . . . . .. .. ... ... ... ... ... . 33
2.3.3 Novel View Synthesis . . . . . . ... ... ... .. ... ... 33
2.3.4 Image Segmentation . . .. ... ... ... ... ....... 33

2.4  Ewvaluation Metrics . . . . . . . . ..o 34
3 Semi-Supervised Learning for Self-Calibration and Odometry 37
3.1 Overview . . . . . . . 38
3.2 Literature Review . . . . . . . . . .. oo 41
3.3 Method . . . . . .. 44
3.3.1 Network Architecture . . . . . . . ... ... ... 44
3.3.2 Camera Modelling . . . ... ... ... ... ... ... . 48
3.3.3 Semi-Supervised Learning . . . . . ... ... ... ... ... 50
3.3.4 Training Losses . . . . . . . . ... Lo oo 51
3.3.5 Curriculum Learning . . . . . . . ... ... L. 52

34 Results. . . .. . 52

3.4.1 Datasets . . . . . ... H2



Contents viii

3.4.2 Implementation Details . . . . . . . .. ... ... ... .... 53
3.4.3 Scene Reconstruction . . . . . .. .. ... 57
3.4.4 Camera Modelling . . . . ... ... ... ... .. ... .. 57
3.4.5 Odometry Results . . . . . ... ... ... ... ... ... .. 58
3.4.6 Training and Inference Time . . . . . . . . . .. .. ... ... 59

3.5 Discussion and Future Work . . . . . ... ... ... L. 29
4 Adapting CNNs for Fisheye Images without Retraining 63
4.1 Overview . . . . . .. 64
4.2 Literature Review . . . . . . . . .. ..o 66
4.3 Method . . . . . .. 69
4.3.1 rectified convolution (RectConv) Layers. . . . . . . ... ... 69
4.3.2 Effects of Interpolation . . . . . . . .. ... ... . ... ... 73
4.3.3 Supported Model Architectures . . . . . ... ... ... ... 74
4.34 Fine-Tuning . . . . . . . . ... 75

4.4 Results . . . . . .o 75
4.4.1 Results: Woodscape . . . . . .. ... ... L. 78
4.4.2 Results: PIROPO . . . . . . . .. ... ... ... 80
4.4.3 Ablation Study . . .. ... 81

4.5 Discussion and Future Work . . . . . .. ... 81

5 Positionally Embedded Rays for Multi-Camera, Multi-Modal Vision 85

5.1 Overview . . . . . . . e 86
5.2 Literature Review . . . . . . . . ... oo 89
5.3 Method . . . . . 91
5.3.1 Embedding Ray and Modality Information . . . ... .. .. 92
5.3.2 Asymmetric Rotations . . . . . .. ... ... L. 101
5.3.3 Architecture . . . . ... 102

5.3.4 Masked Inputs . . . . . ... 103



Contents

ible

5.3.5 Training Strategy

5.3.6 Loss Functions .

54 Results . . . . . .
5.4.1 Datasets . . . . . ..o
542 Baselines. . . . . . ...
5.4.3 Implementation Details . . . . . . . . .. ... ... .. ....

5.4.4 RoRE Embedding

5.4.5 Multi-Modal Reconstruction . . . . . . . . . . . .. ... ...

5.4.6 Multi-Camera Reconstruction . . . . . . . . . . . .. ... ..

5.4.7 Masked Inputs .

5.4.8 Real-World Thermal Results . . . . . . . . .. . .. ... ...

5.4.9 Training and Inference Time . . . . . . . . ... .. ... ...

5.4.10 Energy Usage . .

5.5 Discussion and Future Work . . . . . . . . . ... ...

6 Conclusions and Future Directions

6.1 Summary ... .. ...

6.2 Future Work . . . . . ..

List of References

A Appendix

A.1 Multi-modal Configuration . . . . . . ... .. ... .. ... .....

A.2 Multi-camera Renderings

105
106
107
107
108
109
109
114
120
123
126
126
127
128

131
132
135

138



List of Figures

1.1
1.2

2.1
2.2
2.3
24
2.5

3.1
3.2
3.3
3.4
3.5

4.1
4.2
4.3
4.4
4.5
4.6

5.1
5.2

Myriad of optical solutions found in nature . . . . . . . .. ... ... 3
[llustration of combinations of tasks, sensors and environments . . . . 4
Electromagnetic spectrum . . . . ... ... 14
Example of conventional, fisheye and thermal images . . . . . . . .. 15
Example of Two-dimensional calibration targets . . . . . .. ... .. 19
Two-plane and plucker parameterisation of light rays . . . . . . . .. 21
Sinusoidal encoding . . . . . .. ..o 31
Overview of NOCaL method . . . . . . . ... ... ... .. ..... 39
Hypernetwork training approach . . . . . . . . .. ... .. ... ... 44
NOCaL network architecture . . . . . . . .. ... ... ... ... .. 45
Model of camera parameter estimation . . . . .. ... ... .. ... 50
NOCaL view synthesis from LFN . . . . ... ... ... ... .... 55
Examples of rectifying fisheye images . . . . . . . . .. .. ... ... 65
Mlustration of RectConv vs. Conv . . . . . . . ... ... ... .... 66
Overview of RectConv kernel sampling . . . . . ... ... ... ... 68
Effects of interpolation on network output . . . . . .. .. ... ... 73
RectConv segmentation results on Woodscape . . . . . . .. ... .. 76
RectConv detection and segmentation results on PIROPO . . . . .. 79
Overview of multi-camera, multi-modal approach . . . . . . . .. .. 88

Embedding ray-base information for patches in an image . . . . . .. 93



List of Figures xi

5.3 Embedding different number of positional dimensions using RoPE . . 95

54 Comparison of learned vs handcrafted frequency. Left com-
pares the learned frequency for the position and direction dimension.
It shows the magnitude of rotation that has been learned is larger for
position than it is for direction. Right is comparing the normalised po-
sition and direction frequencies to the standard handcrafted frequency
from (5.5). While similar the learned frequencies differ from the hand-
crafted ones. . . . . ... 97

5.5 Attention Comparison. Attention between frames at different posi-
tions using the Pliicker parametrisation. The attention score between
a query patch, identified in red, and all other patches is shown. Unit
query and key vectors are used for this demonstration. The standard
RoPE position values bias attention to rays near the query ray. This is
problematic because geometric correspondences need not be spatially
local. The asymmetric approach removes this bias providing a more
uniform attention across possible position values. . . . . .. ... .. 100

5.6 Multi-modal, multi-camera architecture . . . . . . . . . ... ... .. 104
5.7 Comparing PSNR performance during training for LVSM and LVSM+RoRE111

5.8 Varying intrinsics in scene. When the camera intrinsics vary within
a scene without any additional training, we see both GTA and PRoPE
fail to interpret the new cameras. The authors of PRoPE show that
with training PRoPE is capable, however RoRE natively understands

this, without additional training. . . . . . . .. ... ... ... ... 112
5.9 Qualitative results on distorted and fisheye inputs . . . . . . . .. .. 113
5.10 Reconstruction of RGB on real world images on the RealEstatelOK

and DL3DV-10K Datasets . . . . . . .. ... ... .. ... ..... 115
5.11 Reconstruction with different combinations of modalities . . . . . . . 116

5.12 Reconstruction of RGB and thermal images with only partial overlap 118
5.13 Reconstruction of RGB and thermal images with no overlap . . . . . 119

5.14 Reconstruction of RGB and thermal images outside of all input image
field of views . . . . . ... 122

5.15 Reconstruction of RGB and thermal images with increasing levels of
masking . . ... 125

5.16 Qualitative results on the ThermalGaussian dataset [79]. The
model generates consistent RGB-thermal renderings without additional
training. . . . . . ..o 126



List of Figures xii
A.1 Real-world Multi-camera rendering on the DL3DV dataset . . . . . . 152
A.2 A masked, multi-modal, multi-camera rendering configuration 153



List of Tables

3.1
3.2

4.1

4.2

4.3
4.4

5.1
5.2
5.3
5.4
5.9
5.6
5.7
5.8

Al

Evaluating camera parameter estimation . . . . .. .. ... ... .. 56

Evaluating odometry performance on captured and rendered imagery 56

Comparison of segmentation MIoU and pixel accuracy for pre-trained

models applied to fisheye imagery from the Woodscape dataset . . . . 77
Comparison of segmentation and detection using pre-trained models

on fisheye imagery from the PIROPO dataset . . . .. ... ... .. 78
Inference time for a fisheye image using different methods . . . . . . . 80
Effect of different RectConv layers . . . . . . .. ... ... ... ... 81
Novel view synthesis results . . . . . . ... ... ... ... 111
Quantitative evaluation under varying focal lengths . . . . . . . . .. 112
Quantitative evaluation on distorted and fisheye inputs . . . . . . .. 113
Ablation study on REIOK . . . . . . ... ... .. ... ..., .. 114
Different combinations of input pair modalities . . . . . . . . . . . .. 121
Different configurations of input images . . . . . . .. ... ... ... 121
Masking multi-modal input images progressively. . . . . . . . . .. .. 124
Energy consumption during model development and estimated equiv-

alent emissions . . . . . .. L 128

Multi-modal configuration values . . . . . . ... ... .. ...... 151



Nomenclature

List of Acronyms

AbsRel
CNN
DPT
FFT
FOV
IMU
IoU
LFN
LPIPS
LWIR
MLP
MIoU
MSE
NeRF
NUC
NVS
PSNR
ReLU
RectConv
RMSE
RoPE
SSIM
STN
ViT

absolute relative error
convolutional neural network
dense prediction transformer
fast fourier transform
field-of-view

inertial measurement unit
intersection over union

light field network

learned perceptual image patch similarity

long-wave infrared
multi-layer perceptron

mean intersection over union
mean squared error

neural radiance fields
non-uniformity correction
novel view synthesis

peak signal-to-noise ratio
rectified linear unit

rectified convolution

root mean squared error
rotary positional encoding
structural similarity index measure
spatial transformer network
vision transformer



Chapter 1

Introduction

“The eye, the window of the soul, is the chief means whereby the under-
standing can most fully and abundantly appreciate the infinite works of

nature.”

— Leonardo da Vinci

Vision is critical in almost all tasks and is widely regarded as humans’ most im-
portant sense. In a world increasingly moving toward automation in all domains,
computer vision already plays and will continue to play a central role in advancing
this transformation. The primary objective of this thesis is to make progress towards
plug-and-play cameras. A philosophy that deploying cameras in diverse situations

should be as easy as possible, without the need for redesigns or specialist knowledge.
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1.1 Motivation

Cameras have become indispensable sensing modalities across a wide array of disci-
plines, from robotics and autonomous vehicles to medical imaging and environmental
monitoring. In manufacturing, machine-vision cameras inspect parts at micron-level
precision; in agriculture, drones equipped with multi-spectral cameras monitor crop
health across vast fields; in healthcare, endoscopic and fluorescence cameras guide sur-
geons through minimally invasive procedures. As these applications grow in complex-
ity and scale, the limitations of one-size-fits-all vision systems become more apparent
for real-world applications: different tasks demand different optical properties, spec-
tral sensitivities, and fields of view. To push the boundaries of automation, whether
it be a self-driving car navigating crowded city streets or a service robot operating in
unstructured human environments, we must carefully evaluate what kinds of vision
systems are most appropriate, and how they should be configured for specific tasks

and contexts.

This work is concerned with learning how to interpret and use the data collected
from these different vision systems in efficient ways without having to redesign our
calibration procedures, interpretation architectures, and models for each individual
system. The key motivation for this work is to allow easier deployment of custom
vision systems which enable more robust and reliable autonomous platforms and

vision systems.

1.1.1 What is Vision Anyway?

When seeking inspiration for artificial vision, we can turn to the myriad solutions that
evolution has crafted. In the animal kingdom, eye placement and structure often
reflect an animal’s ecological niche: predators such as eagles sport forward-facing,
high-resolution eyes optimised for depth perception, while prey species like rabbits
exhibit laterally placed eyes offering nearly 360° peripheral vision [34]. Compound

eyes, found in insects, take a radically different approach: a fly’s eye comprises some
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Figure 1.1 — Example in the animal kingdom with different vision. Here we show
examples in the marine world of different biological optical systems. Looking at
progressively more complex optics for different families of animals [9].

3,000 individual ommatidia, each sampling a tiny portion of the visual field [67]. This
mosaic arrangement trades spatial resolution for exceptional motion sensitivity and a
very wide field of view, enabling flies to detect and react to even the slightest changes
in their surroundings in a fraction of a second. Figure 1.1 show an illustration of the

myriad of vision solutions found by evolution [9].

This diversity in eye architecture illustrates a broader principle: visual systems evolve
to meet the specific perceptual demands of their environment and behaviour. The
high-resolution, front-facing eyes of predators support targeting and tracking, while
the panoramic vision of prey species maximises early threat detection. Insects like flies
prioritise rapid motion detection, at the expense of fine spatial detail . These examples
demonstrate that there is no single, universally optimal way to ’see’; rather, the form
and function of a visual system are tightly coupled to the organism’s ecological tasks,

sensory constraints, and available neural processing resources.
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Inspection

Structure Light

Fog

Figure 1.2 — Illustration of the number of combinations even for a limited number of
tasks, sensor types and environments. There are many numbers of possible combi-
nations of these, each with their own unique challenges from a vision perspective

1.1.2 Designing to See

As humans we often design things in our own image. This is true when it comes
to cameras, our vision systems are designed to be comprehensible by humans. How-
ever, in parallel with biological insights, the way humans see is only one of many
possible options. In this work we take the philosophy that to design robust artificial
vision systems, they must adopt an end-to-end perspective: from the ultimate task
requirements through to the sensor hardware, calibration models, and downstream al-
gorithms [83]. This holistic approach is inherently challenging; engineers must reason
about lens selection, sensor resolution, distortions, spectral bands, and mechanical
mounting, all while ensuring that the resulting image data can be processed effec-

tively.
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When designing these vision systems we have the unique opportunity to join multiple
heterogeneous cameras such as thermal and RGB. Pairing these cameras enables crit-
ical benefits and redundancy that would not be possible from a single homogeneous
cameras [70]. This, however comes with another set of challenges that have been
an active area of research for decades: how do you effectively fuse dissimilar sensor
information into one coherent understanding of the environment? Depending on the
environment (e.g. day vs. night), one modality might be more reliable than the other,
meaning this fusion needs to understand when the different sensors are, each in their
own way, trustworthy or not [6]. Suffice to say, with the countless combinations of dif-
ferent cameras and different environments manually designing for every configuration
is infeasible. An illustrative example of different camera systems and environments
is shown in Figure 1.2. Even in this simplified example there is a huge number of

possible combinations.

Designing new cameras is a complex, multidisciplinary challenge and a rich area of
ongoing research, encompassing innovations in optics, sensor materials, and spectral
imaging. This thesis does not aim to contribute directly to that domain. Instead,
it focuses on how to process and integrate the output from diverse camera systems,

treating camera design as an upstream component.

Traditionally, computer vision processing pipelines are handcrafted for a specific task,
sensor and environment. Any change in optics or sensor often necessitates laborious
recalibration and new bespoke signal-processing pipelines. If a handcrafted process-
ing pipeline had to be designed for each possible combination in order to see which
is the best vision system to pick for a given application and environment, it would
be practically impossible to test all options. Further as these systems move from
research to products which are mass produced, reducing reliance on manual or time
consuming operations such as calibration becomes of increasing importance. Ad-
ditionally, it is important to note that custom imaging systems have no available
labelled datasets, unlike conventional imaging systems which have many existing pub-

licly available datasets.
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We propose moving to a more flexible paradigm which designs algorithms to be agnos-
tic to the precise camera characteristics: instead of hard-coding intrinsics or distortion
models, vision methods could learn directly from sensor data. This not only provides
the ability to adapt to new cameras and modalities without explicit calibration, it also
provides the opportunity to discover new capabilities. By leveraging advancements
in machine learning with its ability to ingest and reason in a data-driven way there is
a path to move toward truly plug-and-play vision systems that simplify deployment

and accelerate innovation.

1.2 Problem Statement

Despite the tremendous progress in camera hardware and computer vision algorithms,
deploying new sensors in real-world systems remains a labour-intensive process. A key
challenge in achieving plug-and-play vision is the scarcity of labelled data for many
sensor configurations and environments. Unlike large-scale image benchmarks that
provide dense ground-truth annotations, most real-world deployments yield only un-
labelled imagery, often without reliable measurements of camera intrinsics, extrinsics,

or scene geometry.

Our hypothesis is that new data-driven methods with reduced labelled data can au-
tomate critical deployment tasks: camera calibration, sensor integration, data inter-
pretation, and robust multi-modal fusion. This will overcome existing limitations and
address the goals outlined above. Our methods aim to recover intrinsic and extrin-
sic parameters, reconcile disparate sensor modalities, and feed normalised data into
generic vision algorithms. Such a paradigm not only reduces the engineering over-
head of deploying new cameras but also allows vision systems to adapt dynamically

to changing sensor configurations and environmental conditions.

This is a broad problem with many avenues and nuances. This thesis tackles two

specific areas associated with this broader goal:
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1. Removing barriers to deploying new sensors, including reduction of bespoke

algorithms and computationally expensive tasks; and

2. Reducing the reliance on densely labelled data, as it is a manual and time

consuming task that is a barrier to deployment when not available.

The ultimate goal of this thesis is to realise truly plug-and-play vision systems: plat-
forms that can accept arbitrary cameras and continue operating seamlessly, without

bespoke engineering or human intervention.

1.3 Contributions

The primary focus of this thesis is to remove barriers to the deployment of cameras,
addressing challenges with calibration, data constraints and multimodal fusion. We

introduce a range of specific methods that tackle these challenges of deployment.
These methods include the following contributions:

Semi-supervision for Joint Calibration and Odometry using Light Field

Networks - partially published as [40)]

e A novel architecture that jointly learns camera parameters and odometry with

minimal prior knowledge of the camera being used;

e A novel self-supervision signal which uses ray based neural rendering, in our
case a light field network (LFN), that can take advantage of a large amount of
unlabelled data;

e A semi-supervision training scheme that, while still benefiting from the large
amount of unlabelled data, allows the training process to benefit from a small
amount of labelled data, that constrain the odometry to metric space using

semantic cues; and
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Improved performance in odometry compared to unsupervised methods while
also performing calibration, demonstrating the efficacy of the semi-supervised

approach.

Adapting Convolutional Neural Networks for New Camera Geometries

Without Retraining - partially published as [3§]

A novel convolutional layer, RectConv, that enables networks to natively han-
dle previously unseen camera geometries without requiring retraining or re-

projection of input imagery;

An approach for automatically adapting existing convolutional networks to
RectConv networks, allowing pre-trained networks to be applied with new cam-

eras; and

Comparison with naive and rectification-based methods, showing improved per-
formance for wide-FOV images on multiple network architectures, cameras, and

tasks.

Ray Based Rotary Embeddings for Multi-Modal, Multi-Camera Integra-

tion

A novel transformer architecture that uses a ray based rotary positional em-
bedding that allows multi-camera systems to be jointly integrated into a single

representation;

A multi-modal training scheme that allows for a single model to accept different

configurations of modalities across an arbitrary number of cameras;

A unified network that enables a robust vision pipeline that is resilient to oc-

clusions due to its masked patched structure;

Comparison to state-of-the-art rgb-only alternatives, showing faster conver-
gence, and comprehensive evaluation of multi-modal performance under dif-

ferent operating configurations.
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Parts of this work also appear in [27]

These contributions each address a distinct barrier to the deployment of new camera
systems, which can be broadly categorised into three areas: camera calibration; the
adaptation of existing methods to new camera geometries; and the integration of mul-
tiple cameras. Despite targeting different challenges, the contributions share common
themes. First, they all emphasise the reduction of reliance on labelled data, which
has been identified as a critical obstacle to deployment. Second, each contribution
demonstrates that understanding images in terms of light rays gives us the expressive

capability required to achieve each goal.

Collectively, these contributions advance the thesis’s central goal of making vision
systems easier to deploy and more robust to variation in sensor configuration and
environment. We believe this work helps lower the barrier for researchers and practi-
tioners building autonomous systems for challenging, dynamic, and unstructured envi-

ronments, such as underwater exploration, disaster response, and planetary robotics.

1.4 Outline

Chapter 2 lays the groundwork by surveying the key concepts and methodologies on
which this thesis builds. We begin with camera fundamentals; models of projection,
target-based and self-calibration techniques, ray representations, light-field parame-
terisation, and diverse sensor modalities such as RGB, thermal, and event cameras.
We then introduce neural rendering approaches, contrasting implicit radiance-field
methods with feed-forward light-field networks and positional encoding strategies
that underpin our algorithms. Finally, we discuss core vision applications, odometry,
depth estimation, novel-view synthesis and the evaluation metrics (trajectory error,

depth error, photometric loss) used throughout this work.

The first technical Chapter 3 presents NOCal,, a semi-supervised framework that
jointly learns camera intrinsics, lens distortion, and relative pose from unlabelled

video, with only minimal motion cues (e.g., wheel odometry or inertial measurement
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unit (IMU)) providing metric scale. A pretrained light-field hypernetwork renders
novel views, enabling self-supervision for both calibration and odometry. We demon-
strate that NOCalL achieves real-time inference with accuracy on par with classical
target-based and fully supervised methods, while requiring no external calibration

targets.

Chapter 4 is building on the limitations of applying standard convolutional neu-
ral networks (CNNs) to wide-field or non-perspective imagery, this chapter intro-
duces RectConv: a deformable convolutional layer that reshapes its sampling grid
according to a calibrated camera model. By adapting kernels rather than rectify-
ing images, RectConv enables pre-trained models to operate directly on fisheye and
other distorted imagery without fine-tuning. We validate on segmentation and detec-
tion benchmarks, showing substantial performance gains over naive rectification and

patch-based methods, with only a modest computational overhead.

In Chapter 5 we investigate the fusion of heterogeneous sensors, specifically RGB
and thermal cameras, through a transformer-based architecture augmented with ray
based embeddings. The model encodes rays, and modality within rotary positional
embeddings, then attends across all inputs to predict cross-modal novel views and
depth maps. We detail a self-supervised training strategy where one modality’s view
is predicted from another, and present a comparison to state-of-the-art rgh-only al-
ternatives and multi-modal simulation results demonstrating integration of heteroge-

neous sensors into a single geometrically consistent understanding.

The final Chapter 6 summarises the thesis’s contributions, with how they relate to
the broader goal of plug-and-play cameras, and the impacts of this work. We then
identify promising directions for extending this research, including support for ad-
ditional camera archetypes, online adaptation to changing environmental conditions

and tighter integration of the proposed methods.



Chapter 2

Background

“Seeing comes before words. The child looks and recognises before it can

speak.”

— John Berger, Ways of Seeing

This chapter provides foundational knowledge to support the technical chapters that
follow. It introduces the key concepts, models, and tools used throughout the thesis,
ensuring clarity and a shared understanding of the terminology and algorithms. The
goal is to establish a common baseline from which the proposed methods can be better

appreciated, both in terms of their design rationale and practical relevance.
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2.1 Cameras

Here we provide some background information on the cameras and process that are
relevant for the work conducted in this thesis. This includes looking at different cam-

era technologies and modalities as well as how calibration is conventionally performed.

2.1.1 Camera Technologies

Three distinct camera modalities are employed in this thesis, and their characteristics

are described in the following sections.

Conventional Cameras. Throughout this thesis, we make reference to "conven-
tional" cameras and imagery. By this, we refer specifically to imaging systems that
operate within the visible spectrum (i.e., RGB cameras), capture data using standard
optics, and can be reasonably approximated by a pinhole projection model. These
cameras typically do not exhibit extreme distortion or wide fields of view, and their
behaviour can be effectively modelled using a small number (2-4) of distortion pa-
rameters such as radial and tangential coefficients. Such systems are representative
of the most common sensors used in consumer electronics, robotics, and industrial
vision applications, and serve as the baseline modality for much of the work presented

in this thesis.

Fisheye Cameras. Fisheye cameras deviate significantly from the assumptions un-
derlying the pinhole model. Unlike conventional cameras that rely on rectilinear
projection, fisheye cameras use highly non-linear projection models that deliberately
introduce significant radial distortion to capture extremely wide fields of view, often
exceeding 180 degrees. Our philosophy is that this distortion is not an artefact to
be corrected, but rather a fundamental feature of the optical design that enables
the camera to map a hemispherical scene onto a finite image plane. As such, the
image formation process in fisheye cameras does not conform to a single consistent
focal length or linear ray model, which makes standard calibration and interpretation

methods inadequate.
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To model fisheye cameras, alternative projection functions are employed, such as the
equidistant, equisolid-angle, stereographic, or orthographic mapping [51]. Each of
these defines a unique relationship between the angle of incidence of a ray and its
projected distance from the image centre. While the pinhole model assumes a linear
relationship between angular displacement and pixel displacement, fisheye models
generally require non-linear functions that can only be approximated with higher-
order distortion terms or entirely different formulations. As a result, the camera
intrinsics for fisheye systems cannot be represented accurately using just a focal length
and principal point with a few radial distortion coefficients. This poses challenges not
only for geometric calibration but also for applying existing vision models that assume
linear projection, necessitating dedicated architectures or adaptation layers to account

for the complex imperfect mapping of a sphere to a plane.

Thermal Cameras. RGB cameras, based on silicon image sensors and standard
optical lenses, are the most common type of vision sensor. They capture visible light
across three colour channels and are used in the majority of consumer, industrial, and
robotic imaging systems. However, many real-world environments and tasks demand

information beyond the visible spectrum.

Thermal or long-wave infrared (LWIR) cameras operate in a different region of the
electromagnetic spectrum and are sensitive to emitted thermal radiation rather than
reflected light. These cameras offer the ability to perceive heat patterns, which is

particularly useful in low-light conditions or for detecting living beings.

Despite serving similar roles imaging a scene, RGB and thermal cameras exhibit
fundamentally different behaviours. The images they produce vary drastically in
texture, contrast, and signal-to-noise characteristics. These differences make cross-
modality tasks such as point correspondence or sensor fusion particularly challenging.
Identifying matching features between an RGB image and its thermal counterpart

generally requires sophisticated domain-specific approaches.

Unlike RGB cameras that rely on Bayer-pattern colour filters to produce colour im-
ages, thermal cameras detect absolute temperature differences in the LWIR range

(typically 8-14 pm) [107]. Figure 2.1 shows where thermal cameras are sensitive to
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Figure 2.1 — Electromagnetic spectrum. RGB cameras are sensitive to the visible
frequencies, while the thermal camera operate in the infrared frequencies. Typical
thermal cameras are specifically LWIR cameras, which are sensitive to LWIR, fre-
quencies.

the electromagnetic spectrum.  These sensors do not require visible illumination
and often function passively, but they also suffer from a different set of physical
constraints. For instance, thermal optics are typically made from materials such as
germanium or chalcogenide glass, which have very different refractive properties than
visible-spectrum lenses. Furthermore, thermal imaging lacks sharp texture and edges,
especially in scenes with low thermal gradients, resulting in low spatial frequency con-
tent. This makes conventional feature-based algorithms e.g., SIFT [78], ORB [92], or

edge detection less effective when applied to thermal images directly.

A distinctive challenge in thermal imaging is the presence of spatially varying fixed-
pattern noise, caused by the sensors being thermally sensitive. This manifests as
a static horizontal and vertical lines superimposed on the thermal signal. To miti-
gate this, thermal cameras employ a process called non-uniformity correction (NUC),
which calibrates out pixel-wise gain and offset differences by periodically captur-
ing flat-field references often using an internal mechanical shutter that occludes the
sensor. While effective, this correction is imperfect and drifts over time and with tem-
perature, meaning residual artefacts often persist in thermal imagery. These artefacts
are not only visually apparent but can confound downstream tasks such as feature

matching, segmentation, or reconstruction, especially in learning-based pipelines that

https://www.viewsheen.com/blog/what-is-nir-swir-mwir-1lwir-fir-spectral-range-/
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Figure 2.2 — Example images of conventional [20], fisheye [125] and thermal [33] camera
types, each with their own characteristics. See thermal inset for example of the
distinctive noise pattern that is common for thermal imagery.

assume clean and consistent input data. An example of a thermal image is shown

in Figure 2.2

2.1.2 Calibration

Accurate calibration is critical for any vision system tasked with metric reasoning
about the 3D world. Calibration refers to the process of determining the mapping
from image pixels to rays in 3D space, and it underpins tasks such as reconstruction,

localisation, and sensor fusion.

Camera Intrinsics. At the core of camera calibration lies the intrinsic model, which
defines how 3D rays are projected onto a 2D image plane. This model is typically
parameterised by a small set of variables, including focal length, principal point,
and lens distortion coefficients. These parameters serve as simplified abstractions of
the camera’s physical properties, such as sensor dimensions, lens configuration, and

optical alignment.

Various intrinsic models have been developed, ranging from the basic pinhole model
to more advanced formulations that accommodate wide-angle lenses and significant
non-linear distortions. The standard pinhole camera model assumes an ideal pin-
hole projection and is often augmented with radial and tangential distortion terms
to handle mild lens imperfections. In contrast, the fisheye camera has alternative

calibration methods, such as Kannala—Brandt [62], accounts for extreme wide-angle
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distortion using higher-order polynomial functions of the incident ray angle. These
fisheye models are particularly useful for omnidirectional systems and are commonly

used in robotics and automotive applications.

The simplest and most widely used camera model is the pinhole camera model, which
assumes an idealised projection through a single point onto an image plane. Under
this model, a 3D point X = (X,Y,Z)" in the camera coordinate frame projects to

image coordinates (u,v) according to

u X/Z
o =K |v/z|, (2.1)
1 1

where K is the intrinsic calibration matrix

fo 0
K=1{0 f, ¢l (2.2)
0 0 1

Here (f,, f,) represent the focal length in pixel units and (¢, ¢,) denotes the principal

point, corresponding to the projection of the optical centre onto the image plane.

Real lenses deviate from the ideal pinhole model due to optical distortion. The
most common form is radial distortion, which causes image points to shift outward
or inward relative to the image centre. Radial distortion is typically modelled as a
polynomial function of the radial distance r = /22 + %2 in the normalised image

plane.

These distortion models form the basis of the widely used Brown—Conrady camera
model [8], which is implemented in many calibration toolkits such as OpenCV. For
cameras with relatively narrow fields of view, the combination of the pinhole projec-
tion and low-order distortion terms provides a sufficiently accurate approximation of

the imaging process.



2.1 Cameras 17

New sensor types with unconventional imaging geometries, such as omnidirectional
and light-field cameras, often require the design of novel calibration models. For
these systems, ongoing research aims to develop accurate and tractable parameterisa-
tion that can integrate effectively within contemporary computer vision and machine

learning frameworks.

Wide-FOV Camera Models. Conventional perspective camera models assume
that image formation follows the pinhole projection model. While this approximation
is valid for cameras with moderate fields of view, it becomes inaccurate for wide-angle
and fisheye lenses where strong radial distortion is present. In these systems the
relationship between the angle of an incoming ray and its projected image location is

no longer well approximated by the perspective projection equation.

Fisheye camera models therefore commonly represent projection as a function of the
angle between the incoming ray and the optical axis. This representation is partic-
ularly important for methods that operate directly in distorted image space, where
both the forward projection from 3D points to image coordinates and the inverse

mapping from pixels to 3D rays must be available.

In this thesis these mappings are required to transform between image coordinates
and rays in 3D space when adapting convolutional operations to non-perspective
camera geometries. The explicit forward and inverse projection functions defined
below are therefore presented in detail, as they are used directly in the formulation

of the camera-aware convolution described in Section 4.3.1.

Let a 3D point in camera coordinates be denoted by p = (X,Y, Z). The angle of

incidence 6 between the viewing ray and the optical axis can be written as

0 = arctan 2(y, Z), (2.3)

where

x= VXTI T2 (2.4)
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Rather than projecting points according to the perspective relation r = ftan(6),
fisheye models define a function that maps this angle to a radial image distance p
from the optical axis. A commonly used formulation is the polynomial projection
model employed by the WoodScape dataset [125]. In this model the radial distance

is expressed as

p(@) == k19 + ]{52@2 -+ ]{53@3 -+ k494, (25)

where kq, ..., k4 are calibration coefficients.

Forward Projection. Given a 3D point p = (X, Y, Z) in camera coordinates, the

projection to distorted image coordinates is defined as

u'l _p(0) | X
i) = || =227 2.6)
where p(f) is computed using the polynomial model above. The coordinates (v, v)

represent distorted lens-plane coordinates relative to the optical centre.

Back-Projection. The inverse mapping converts a distorted image coordinate into
a 3D point or ray in camera space. Given a lens-plane coordinate (u,v"), the radial

distance is

p=vVu?+ v (2.7)

The corresponding incidence angle # is obtained by numerically inverting the polyno-
mial relation p(f). For a specified ray length n, the corresponding 3D point is then

recovered as
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Figure 2.3 — Example of different calibration targets [61], using (a) speckle; (b) dot;
(c) triangle; and (d) chessboard patterns.

X =nsind, (2.8)
X
X ==, 2.9
) (2.9)
X
— Xy, 2.10
) (2.10)
Z =ncosb. (2.11)

This formulation defines the inverse mapping

p= f3D(u/7UI7n)7 (212)

which returns a 3D point along the viewing ray corresponding to the image coordinate.

Camera Extrinsics. Camera extrinsics describe the pose of the camera in a global
coordinate system, capturing both its position and orientation. These parameters
define the rigid transformation between the camera frame and the world frame and
are essential for multi-view geometry, 3D reconstruction, and sensor fusion. Accurate
extrinsic calibration ensures that observations from multiple viewpoints or sensors
can be aligned within a consistent spatial context. In dynamic or modular systems,
where camera positions may shift over time or vary between deployments, estimating

or adapting extrinsics becomes a critical component of system performance.

Target Calibration. The most common calibration techniques involve imaging an

object or target with known geometry or structure, typically a checkerboard or circle
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grid (see Figure 2.3 for examples of different targets), then an optimisation is per-
formed for the model parameters that best explain the observed projections. While
effective, this process can be tedious and highly sensitive to setup conditions. The
calibration process is also sensitive to target degradations; for instance, if the target
were to warp, it would no longer be able to be used to perform accurate calibration.
Calibration must also be repeated any time the sensor or optics are moved or mod-
ified, which adds challenges during deployment. Anyone with experience calibrating
cameras will attest that it is often a time-consuming task. Achieving good results

can require practice and careful attention to detail.

Self-Calibration. Self-calibration, sometimes called targetless calibration or auto-
calibration, refers to methods that recover camera parameters without relying on a
physical calibration target. Instead, these techniques infer intrinsics and/or extrinsics
from structures in the captured data. Examples include structure-from-motion (e.g.,
COLMAP [93]) and recent learning-based approaches [77, 109] that estimate camera
parameters from single images or videos. These methods are particularly appealing
in scenarios where deploying calibration targets is impractical. Another school of
thought is that we do not need to perform explicit calibration, instead utilising meth-
ods that implicitly estimate the camera parameters then directly output the desired

downstream task [112, 69].

2.1.3 Ray Parameterisation

This thesis focuses on vision systems that capture images interpretable as sets of rays.
A ray represents the path of light travelling through the scene, and defining how these

rays are parameterised is essential for modelling, calibration, and rendering.

Two-Plane Parameterisation. One intuitive method is the two-plane parameter-
isation [43], where a ray is described by its intersections with two parallel planes,
commonly referred to as the (uv, st) planes, see Figure 2.4 a). This formulation is

well-suited for light-field cameras and is conceptually simple. However, it breaks down



2.1 Cameras 21

b) pliicker

7 p
s

-
e

¢) plenoptic

Figure 2.4 — Example of two possible ray representations. a) Shows the 2-plane
representation where ray are parameterised as intersection points of the ray and
two planes uv plane and st plane. b) Shows Pliicker representation where the ray
is parameterised as a ray direction (b)and a moment (m). Where m is the cross-
product of the point and direction (p x d). ¢) Shows the plenoptic representation
which is parameterised as a direction d and a point alone the ray p.

for rays parallel to the planes, limiting its applicability in some domains. For that

reason it is not used in this thesis.

Pliicker Coordinates. Pliicker coordinates [86] provide a more general and math-
ematically elegant representation. A ray in 3D space is defined by a direction vector
d and a moment vector m = p x d, where p is any point along the ray. This formu-
lation captures both the orientation and spatial embedding of a ray and is especially
useful in geometric deep learning and neural rendering. A graphical representation is
shown in Figure 2.4 b). Pliicker coordinates require 6 numbers to express, they are an
overparameterisation of the 4D light field. In this thesis, Pliicker coordinates are the
primary representation used for modelling and rendering rays. The main benefit is

enabling representation of all angles without breaking down for certain rays, as with
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the two-plane parameterisation. This parameterisation is used in Chapter 3 and in

Chapter 5.

Plenoptic Coordinates. The plenoptic representation describes a ray using two
components: a point along the ray p and its direction d, see Figure 2.4 ¢). This is a
conceptually straightforward and physically meaningful parameterisation. There are
multiple ways to define plenoptic coordinates, but in the most basic form, they consist
of three spatial coordinates and two angular coordinates, 5D. This representation is
a subset of the more general plenoptic function, which can also include additional
dimensions such as time and wavelength, offering a more comprehensive description
of light. However, for most practical vision tasks, the 5D formulation is sufficient. In
this thesis, a variation of the 5D plenoptic representation is used in Chapter 5: the
point p encodes the camera’s position in world coordinates (z,y, z) and a normalised

direction vector encodes the direction of the ray.

2.1.4 Light Fields and the Plenoptic Function

The light field is a structured representation that captures the radiance along a col-
lection of light rays in a scene. It enables us to encode how light travels through
space, recording the colour or intensity associated with each ray. In practice, the 4D
light field describes radiance as a function of two spatial and two angular dimensions,

often based on a two-plane parameterisation.

L(u,v,s,t) (2.13)

where (u, v) represent spatial coordinates on an image plane and (s, t) represent angu-
lar coordinates corresponding to the position of the ray on a second plane. Together
these parameters uniquely define a ray in free space under the two-plane parameter-
isation. The function L(u,v,s,t) therefore represents the radiance travelling along

that ray.
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This is an efficient way to represent the radiance of a scene. It is particularly well
suited for applications such as view synthesis, depth estimation, and rendering, where
the objective is to model how a scene appears from different viewpoints. The plenop-
tic function generalises this concept by describing radiance as a function of several

physical variables.

P(z,y,2,0,0, 1) (2.14)

where (z,y, z) denotes a point in 3D space, (6, ¢) specify the direction of the ray, A
represents wavelength, and ¢ represents time. This formulation describes the radiance
of every ray at every point in space, making it the most complete representation of

the visual information in a scene.

While the light field provides a compact and practical representation, it has limi-
tations. Since it stores a single radiance value per ray, it cannot represent multiple
surfaces that intersected along a ray. One solution to this is the surface light field [118].
Another solution which we use in this thesis is the full plenoptic function, it allows for
more comprehensive modelling of scenes where there are multiple surfaces that need

to be represented by a single ray. It does this at the cost of higher dimensionality.

In this thesis, light fields are used as a supervisory signal in learning frameworks,
predominantly in Chapter 3. However, we use the plenoptic function in Chapter 5 in
order to explicitly predict depth. By representing scenes as continuous functions over
ray space, we enable differentiable rendering and novel view synthesis. These capa-
bilities allow self-supervised learning objectives, where a model is trained to predict
unseen views or modalities from known inputs. This view-based supervision is em-
ployed to refine both radiometric and geometric consistency, and is a core component

in the self-calibration and multi-modal fusion approaches presented in later chapters.
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2.1.5 Heterogeneous Camera Systems

Many real-world perception systems rely on multiple sensors that observe the envi-
ronment through different physical modalities. Such heterogeneous camera systems
combine sensors with distinct imaging characteristics, such as RGB, depth, thermal
infrared, or event cameras. Each modality captures different aspects of the scene, and
by integrating these observations a system can often achieve greater robustness and

reliability than would be possible using a single sensor alone.

A common example is the combination of RGB and thermal cameras. RGB sensors
measure reflected visible light and provide rich colour and texture information, which
is useful for many vision tasks under well-lit conditions. Thermal cameras, in contrast,
measure emitted infrared radiation and therefore capture temperature differences in
a scene. As a result, thermal imagery is largely invariant to visible lighting conditions
and can remain informative in environments where RGB cameras struggle, such as
at night, in low illumination, or in the presence of smoke or fog. By combining
information from both modalities, heterogeneous sensing systems can leverage the
complementary strengths of each sensor, improving perception performance across a

wider range of operating conditions.

From an algorithmic perspective, integrating heterogeneous sensor data requires some
form of sensor fusion. Traditional approaches often rely on hand-crafted fusion strate-
gies, where features extracted independently from each modality are combined using
engineered rules or geometric alignment procedures. For example, feature-level fu-
sion may concatenate descriptors from multiple sensors, while decision-level fusion
may combine predictions from separate models. While these approaches can be ef-
fective, they often depend heavily on carefully designed feature representations and

may struggle to fully exploit complex relationships between modalities.

More recently, data-driven methods have been developed to learn cross-modal rep-
resentations directly from data. In these approaches, neural networks are used to
jointly process multiple modalities and learn a shared representation that captures

complementary information from each sensor. Such learned fusion methods can auto-
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matically discover relationships between modalities that would be difficult to model
manually [105]. This paradigm has become increasingly common in multimodal per-
ception systems, including applications in autonomous driving, robotics, and remote

sensing.

In this thesis, heterogeneous sensing is explored in the context of neural rendering
and scene understanding. In particular, Chapter 5 investigates how information from
multiple imaging modalities can be integrated within a learned framework to improve

scene representation and rendering performance.

2.2 Neural Rendering

Rendering refers to the process of generating images from a scene representation.
Traditional graphics pipelines rely on explicit geometric models and hand-crafted
shading techniques. In contrast, neural rendering replaces parts of this pipeline with
learned components implemented using neural networks. These models can represent
complex scene geometry, appearance, and sensor effects directly from data, enabling
flexible rendering pipelines that are difficult to construct using traditional analytic

models.

This thesis incorporates several common neural network architectures to support the
rendering process, including multi-layer perceptrons (MLPs) [91], CNNs [68], and
vision transformers (ViTs) [28]. Each architecture offers different inductive biases
and computational characteristics that make them suitable for different components
of the rendering pipeline. The following sections briefly introduce these architectures

and describe their role within the methods proposed in this thesis.

Multilayer Perceptrons. MLPs are one of the most fundamental neural network
architectures. An MLP consists of a sequence of fully connected layers, where each

layer applies a linear transformation followed by a non-linear activation function.

MLPs are widely used in neural rendering because they can represent continuous

functions over spatial coordinates. In many neural scene representations, such as
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neural radiance fields (NeRF) and implicit light field models, an MLP maps spatial
coordinates or rays to quantities such as density, colour, or radiance. Within this
thesis, MLPs are primarily used as implicit function approximators that map encoded
spatial inputs to scene properties. They form a core component of the rendering

models described in Chapter 3 and Chapter 5.

Convolutional Neural Networks. CNNs are neural networks specifically designed
to process grid-structured data such as images. Instead of fully connected layers,
CNNs use convolutional filters that operate locally across the input. This structure
enables CNNs to efficiently capture spatial patterns while sharing parameters across

the image domain.

Because convolutional filters operate locally and share parameters across spatial loca-
tions, CNNs are particularly effective at extracting hierarchical image features while
remaining computationally efficient. In this thesis, CNNs are used to process image
observations and extract spatial features prior to rendering or geometric inference.
They are used extensively in the models presented in Chapter 3 and form the basis

of the rectified convolution architecture introduced in Chapter 4.

Vision Transformers. Vision Transformers (ViTs) extend the transformer archi-
tecture, originally developed for natural language processing, to visual data. Rather
than processing images with convolutional filters, ViTs divide an image into a se-
quence of patches which are embedded into a high-dimensional feature space. These

embeddings are then processed using layers of self-attention.

Self-attention allows each element in the sequence to attend to every other element,

enabling the model to capture long-range dependencies across the entire image.

Transformers provide a powerful mechanism for modelling global relationships be-
tween features, which can be beneficial in multi-view or multi-modal settings where
information must be aggregated across different sensors or viewpoints. Internally
transformers utilise MLPs as a fundamental building block. In this thesis, a ViT-

based architecture is used in Chapter 5 to fuse information from multiple sensing



2.2 Neural Rendering 27

modalities, enabling the network to reason about spatial relationships across hetero-

geneous inputs.

2.2.1 Representations

Explicit. Explicit methods use structured representations such as voxel grids, tri-
angle meshes, or point-based primitives like 3D Gaussians. These models offer direct

control over scene geometry but often require substantial memory or pre-processing.

Implicit. Implicit approaches model scene properties, such as colour or density, as
continuous functions of spatial coordinates. These properties can be represented in a

number of ways. One popular method is by fitting neural networks.

This thesis focuses primarily on implicit representations encoded into some latent
space via neural networks. Implicit models provide a flexible and memory-efficient
way to encode complex scene content and are well suited to tasks involving novel view

synthesis, depth prediction, and self-supervised learning from image data.

2.2.2 Approaches

We categorise neural rendering broadly into two groups: regression-based methods

and feedforward methods.

Regression Methods. NeRF [80] introduced a major advancement in implicit scene
representation by using an MLP to model volumetric radiance fields. The network
learns to map 3D spatial locations and viewing directions to RGB colour and den-
sity values, enabling photorealistic novel-view synthesis. NeRF have since inspired a
large body of research into differentiable rendering and neural scene representations.
Although NeRFs are not used directly in this thesis, they are referenced and serve as

comparative alternatives.

Recent developments in explicit representations, such as Gaussian Splatting [63], pro-

vide high-fidelity rendering with real-time performance. Although this method is not
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based on neural networks, it offers a compelling alternative by using explicit, compact
point-based structures for scene representation. These Gaussian based approaches are

regressed in a similar fashion to NeRFs.
Feedforward Methods.

Neural rendering approaches can also be distinguished by how the scene representation
is estimated. Many early methods formulate reconstruction as a regression problem
that is solved independently for each scene. For example, models such as NeRF learn
the parameters of a scene representation by directly optimising them against a set of
input images. This process requires iterative gradient-based optimisation for every

new scene and can therefore be computationally expensive.

Feedforward methods instead learn to predict a scene representation directly from
observations using a neural network trained across many scenes. At inference time,
the representation can be produced in a single forward pass, removing the need for
per-scene optimisation. This substantially reduces reconstruction time and enables
applications that require rapid inference, though it typically requires larger and more

diverse training datasets to achieve strong generalisation.

This distinction concerns how the representation is estimated rather than how images
are rendered. Both optimisation-based and feedforward approaches commonly rely

on ray-based rendering once a scene representation has been obtained.

Feedforward prediction can be applied to both explicit and implicit scene represen-
tations. Recent work based on Gaussian splatting, such as NoPosPlat [121] and
PixelSplat [11], learns to predict sets of Gaussian primitives directly from images,

producing explicit scene representations in a feedforward manner.

Feedforward implicit approaches can also be applied to light field representations.
LFNs [95] represent a scene by directly learning a function that maps an oriented
light ray to the radiance observed along that ray. Rather than modelling volumetric
density and performing numerical integration along the ray as in NeRF, an LFN

predicts the radiance of a ray in a single network evaluation.
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Formally, an LFN parameterises the 4D space of rays £ using a neural network
Dy L — R c=dy(r), (2.15)

where r denotes an oriented camera ray and c is the RGB radiance observed along

that ray.

To represent rays in a continuous 360-degree domain, LFNs use the 6D Pliicker co-

ordinate parameterisation of a ray
r = (d,m), m=p Xxd, (2.16)

where p € R? is a point on the ray, d € S? is the unit direction vector, and m is the
moment vector defined by the cross product. Although Pliicker coordinates lie in RS,
valid rays occupy a 4D manifold within this space, allowing the representation of all

oriented rays in an unbounded scene.
Given camera intrinsics K and extrinsics E, a ray r,, corresponding to a pixel coor-
dinate (u,v) can be constructed and evaluated by the network to obtain its colour

= (I)¢(ru,v)- (2'17)

Cuw

Because the colour of each ray is predicted directly, rendering requires only a single
network evaluation per ray. This is in contrast to volumetric neural renderers such

as NeRF, which typically require tens or hundreds of evaluations along each ray.

This approach was made to be feedforward by applying a hypernetwork which learns
to encode an image and output the weights for a light field rendering network that is

able to render the scene of the input image in a single forward pass.

LFNs are used in Chapter 3, and the conceptual foundations also inform the design
of the rendering framework in Chapter 5. LVSM [60], which we compare against in
Chapter 5, is another example of a feedforward implicit rendering model, this time

based on vision transformers.
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Overall, this thesis focuses on feedforward implicit neural rendering as a practical
alternative to per-scene optimisation approaches, enabling scalable and generalisable

vision systems.

2.2.3 Positional Encoding and Embedding

Injecting raw position information into neural networks is challenging due to posi-
tions close to each to other looking very similar to the network despite potentially
having vastly different outputs. To allow neural networks to represent fine spatial
details, positional encoding techniques inject high-frequency information into coordi-
nate inputs. A common method is the sinusoidal encoding used in both NeRF and

transformers.

The frequencies used in this encoding vary across dimensions. A common formulation,

used in transformers [106], defines the encoding as:

Pa2i(p) = Sin<b2€/d) )

(2.18)
¢2z‘+1(p) = COS(b;;/d) .

Here p denotes the position being encoded, d is the dimensionality of the embedding,
and b controls the frequency scaling. The index ¢ ranges from 0 to % — 1, producing
paired sine and cosine components that together form a d-dimensional positional
encoding. By mapping a scalar position into a higher-dimensional space of sinusoidal
functions with increasing frequencies, the network is able to represent both low- and

high-frequency spatial variations.

This sinusoidal encoding is used extensively in Chapter 3 and Chapter 5. Figure 2.5

shows an illustrative example of this encoding.

Positional embedding is related to but slightly different from positional encoding,
and the terms are often conflated in the literature. Positional encoding typically

refers to a deterministic mapping that transforms a position into a representation
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Figure 2.5 — Illustration of a sinusoidal encoding typically used of positional encoding
in many neural rending networks.

that can be more easily utilised by a model. These encodings are usually handcrafted
mathematical functions and may take several forms, including sinusoidal encodings
or spherical harmonic representations [84]. Such encodings are widely used beyond
neural networks whenever structured positional information must be represented in

a higher-dimensional space.

In contrast, positional embeddings refer to a learned representation in which each po-
sition is assigned a vector within an embedding space of fixed dimensionality. These
embeddings can either be generated from deterministic encodings, such as the si-
nusoidal representation described above, or learned directly from the training data
such that every possible position has an associated embedding vector. In practice,
the terminology varies across the literature. For example, the influential transformer
architecture refers to sinusoidal mappings as positional encodings [106], while later
works often use the term positional embedding to describe learned position represen-

tations [113].

A further distinction can be made between absolute and relative positional embed-
dings. Absolute positional embeddings encode the position of each element with
respect to a fixed global coordinate system. While effective in many applications,

this approach can limit generalisation because the model must learn relationships
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between specific absolute positions. Relative positional embeddings instead encode
the positional relationship between elements, such as the relative offset between two
tokens or spatial locations. This formulation allows the model to focus on the geo-
metric or sequential relationships between inputs rather than their absolute locations,

which often improves generalisation and robustness to shifts or changes in scale.

One example of a relative positional embedding method is rotary positional encod-
ing (RoPE) [97], which was developed specifically for transformer architectures. RoPE
incorporates positional information by rotating pairs of embedding dimensions using
a position-dependent rotation matrix. If x € R? denotes an embedding vector, the
rotary positional embedding applies a rotation to each two-dimensional subspace of
the vector according to the position index. This rotation implicitly encodes relative
positional relationships, as the inner product between two rotated embeddings be-
comes dependent on the difference between their positions rather than their absolute

values.

This embedding process is heavily used in Chapter 5. Further details on this method

and the modifications made are discussed there.

2.3 Applications

In this section, we describe the downstream tasks used throughout this thesis to
demonstrate the effectiveness of the proposed methods. These tasks: odometry, depth
estimation, novel view synthesis, and image segmentation, are representative of funda-
mental challenges in scene understanding. Each task requires different combinations
of geometric awareness, photometric consistency, and semantic interpretation, mak-
ing them ideal for evaluating the generalisability and adaptability of vision systems

across diverse camera models and modalities.
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2.3.1 Odometry

Odometry is the task of estimating the motion of a camera (or robot) over time.
It is fundamental to autonomous navigation and serves as a testbed for end-to-end
systems that require calibration, tracking, and scene understanding. This thesis uses
odometry to demonstrate the utility of self-calibrated vision systems. Odometry is

used in Chapter 3.

2.3.2 Depth Estimation

Depth estimation involves predicting the distance to objects in the scene from single
or multiple images. It can be achieved through classical stereo matching or learnt
monocular depth prediction. The work in this thesis builds on learnt approaches,
often using depth as a latent or auxiliary target in self-supervised tasks. Chapter 5

uses depth estimation.

2.3.3 Novel View Synthesis

Novel view synthesis (NVS) aims to generate unseen views of a scene from a limited
set of observations. It requires an accurate understanding of scene geometry and
texture, making it a rigorous test of the underlying scene representation. Many of
the models presented in this thesis use NVS as both a learning signal and a benchmark

for generalisation. This is used in both Chapter 3 and Chapter 5

2.3.4 Image Segmentation

Image segmentation refers to the task of assigning a semantic label to each pixel in an
image, effectively partitioning the image into meaningful regions. It plays a central
role in perception systems that require high-level understanding of scene content.
Accurate segmentation depends not only on texture and appearance cues but also on

consistent geometry and viewpoint. In this thesis, segmentation is used to evaluate
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the ability of pretrained models, adapted via camera-aware layers, to generalise across
different sensor geometries without requiring retraining or manual annotation. This

is used in Chapter 4.

2.4 Evaluation Metrics

For completeness we provide brief explanation and formulas for the metrics used

throughout this thesis.

Mean Error. Mean squared error (MSE) measures the average squared difference
between two signals. Using pixel values as an example, when finding the error between
a predicted image I and reference image I. It penalises larger errors more heavily

and is sensitive to absolute pixel differences,

1 N

i=1

g (2.19)

A

Ii—1,

here, N is the total number of pixels, I, is the predicted colour value at pixel ¢, and I;
is the ground-truth colour value at the same pixel. Root mean squared error (RMSE)

applies an additional square root providing a linear scaling to the error,

RMSE = v/MSE. (2.20)

Peak signal-to-noise ratio (PSNR) [52] is a commonly used metric for evaluating the
quality of image reconstructions. It expresses the ratio between the maximum possible
pixel intensity and the power of the distortion (i.e., the error). PSNR is particularly
useful because it provides an interpretable scalar value that increases with better
image quality, higher values indicate that the reconstructed image is closer to the
ground truth. Because it is conventionally reported on a logarithmic scale, PSNR
provides a more compressed and human-perceivable measure of reconstruction quality

than raw pixel-wise errors,
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L2

L is the maximum possible value (e.g., 255 for 8-bit images).

SSIM. Structural similarity index measure (SSIM) [114] is a perceptual metric that
quantifies image similarity by comparing luminance, contrast, and structure between

a predicted image = and a reference image .

(2papty + C1)(204y + Co)

SSIM —
(9 = Ga v 2 T O 02 + 02 + Co)

(2.22)

here, p, and p, are the local means, o2 and 05 are the local variances, and o, is
the covariance between x and y. Constants C; and Cy are included to stabilise the
division when the denominator is small. SSIM values range from —1 to 1, with 1

indicating perfect structural similarity.

LPIPS. Learned perceptual image patch similarity (LPIPS) [128] compares percep-
tual similarity between images using deep feature representations. Let ¢;(I) be the

[-th layer features of image I from a pretrained network:

LPIPS(I,1) = ) H,1Wl > w00 © ($u(Dnaw — (D) | (2.23)

where w; are learnt weights, and ® denotes element-wise multiplication.

AbsRel. Absolute relative error (AbsRel) [12] measures the error scaled by the
true value. This is useful for depths metrics where larger depth values inherently

have more error,

A

di —di
d;

1 N
AbsRel = — )" (2.24)
N i=1
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Threshold Accuracy. This measures the percentage of measurements which devi-

ate less than 25% of the true value. This metric is used for depth,
1Y d; d;

MIoU. Intersection over union (IoU) [55] is used as a metric for semantic segmen-
tation for a given class. Mean intersection over union (MIoU) applies the mean over
multiple classes. For a class ¢, let TP., FP., and FN,. denote true positives, false

positives, and false negatives respectively,

TP,
I = c 2.2
oU, TP+ FP L FN. (2.26)
1 C
MioU = = 3" IoU. (2.27)
c=1

Precision, Recall, and F1 Score. Precision is a measure of the accuracy of the
positives, while Recall is a measure of a model’s ability to identify all positive in-
stances. F1 Score provides a balanced measure of both metrics [17]. Given TP, FP,

and F'N,

TP
N 2.2
recision =z 229
TP
g e 2.2
Reca TP+ FN’ (229
Bl 2 - Precision - Recall' (2.30)

Precision + Recall



Chapter 3

Semi-Supervised Learning for

Self-Calibration and Odometry

“Chaos is merely order waiting to be deciphered.”

— José Saramago

Now with a common understanding and language of the concepts used throughout
this thesis we move on from the background chapter to present our first of three
technical chapters. The goal of the research discussed in this chapter is to alleviate
the barriers to deployment associated specifically with calibration. We introduce
NOCaL, a framework designed to automate integration of a camera into a robotic
system by leveraging prediction as a feedback signal. It achieves this by leveraging

an understanding of ray geometry.

Parts of this work are published as [40] and the code and additional visualisation are

available at: https://roboticimaging.org/Projects/NOCal/.


https://roboticimaging.org/Projects/NOCaL/
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3.1 Overview

As discussed in Chapter 1, vision is a critical sense in many application ranging from
robotics to autonomous driving to medical screening. With the increasing reliance on
computer vision and its broadening applications we can no longer rely on a one size
fits all approach to camera system design. Whilst novel cameras are being developed
to address shortcomings in existing modalities, this raises a key problem in deploying

these sensors quickly and on new platforms: calibration and low-level interpretation.

Calibrating and interpreting new imaging devices is skilled and time-consuming work.
Emerging devices like event cameras and light field cameras have taken years and even
decades to adapt in robotics. Solutions generally involve the use of bespoke models,
calibration procedures, and low-level interpretation and sensor fusion algorithms. Ad-
ditionally, static camera characteristics are generally assumed, with device changes
due to vibration, temperature, replacement or upgrading requiring re-calibration as
these changes can affect performance [96, 32]. This makes both integrating new cam-

eras and managing fleets of robots onerous and complex.

In this chapter, we propose a framework to automatically interpret previously unseen
cameras by jointly learning to estimate novel views, odometry, and camera parameters
—see Figure 3.1. Our framework utilises advancements in neural rendering to provide
self-supervision, leveraging the large amount of imagery available from a newly in-
troduced uncalibrated camera. To benefit from the availability of unlabelled training
data from existing cameras, we employ a hypernetwork that learns to construct light
field renderers, so that the hypernetwork can be trained on multiple scenes. This
would not be possible with a fixed rendering network as this could only be trained on
a single scene. Finally, to ground our odometry estimates in metric space, we employ
a small labelled training set that is easy to collect where a complementary source of

odometry is available.

Through unsupervised learning of camera parameters and odometry, our approach
benefits from the large amount of unlabelled data available from existing cameras as

well as a newly introduced camera. By introducing a small labelled training set we
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Figure 3.1 - NOCaL learns odometry and novel view synthesis from previously unseen
cameras by leveraging a rendering hypernetwork pre-trained on existing cameras.
Uncalibrated input image pairs are encoded in a latent vector z; that drives the
hypernetwork W (z) to generate a light field rendering network F;,. A differentiable
ray-based camera model drives the renderer, enabling estimation of camera param-
eters, relative pose, and novel views. This work is a key step towards automatically
interpreting more general camera geometries and emerging camera technologies.

constrain the solution to a metric space with known scale, while there is always some
ambiguity with monocular scale estimation, using this approach allows the network to
use semantic information to get reliable scale when working in a similar environment

to that of the training data [59].

To demonstrate our approach, we employ cameras which are well described by a
pinhole projection model with a freeform ray-based distortion model. This allows use
of a broad range of monocular cameras without calibration. In future, we envision

further relaxing this model to an entirely freeform ray-based model, leading to a
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broader range of cameras including stereo, multi-aperture and light field, and fisheye,

that are all well described by ray-based geometry.

We validate our approach on both captured and rendered images of indoor scenes,
using cameras with different focal lengths and distortion parameters. We demonstrate
our system accurately estimating camera intrinsics, distortion models, and relative

pose, i.e. odometry.

To position our work, we compare against a fully supervised approach and an unsuper-
vised approach that requires calibration. Perhaps surprisingly, our semi-supervised
but uncalibrated approach outperforms both fully supervised and unsupervised ap-
proaches in accuracy of odometry, demonstrating the strength of combining small
labelled datasets with readily available unlabelled data. We also include an ablation
study that establishes the importance of the distortion model when using cameras
that deviate substantially from an ideal pinhole model, comparing against variants of
our method that lack a distortion model and that estimate no camera parameters at

all.

We anticipate this work to find broad applicability where recalibration is difficult
and camera parameters can change, either due to optical shifts or replacement of
hardware. Deployed systems on planetary missions, in harsh environments, and in
domestic applications like robotic vacuums for example are typically difficult to re-
calibrate. Changes to on-board calibration can occur due to vibration and thermal
effects, and replacing or upgrading cameras can be an expensive proposition espe-
cially where new camera models and/or recalibration are required. Our framework
requires no prior knowledge of hardware or camera parameters, allowing such robots
to perform accurate camera pose estimation without need for recalibration or manual

intervention.

Limitations: Whilst our network is designed to work with a family of cameras, cameras
not well-described by a pinhole projection and freeform distortion profile are unlikely
to be well supported by our camera model. Another limitation is that our method
requires a rough initial guess of the camera intrinsics, which potentially requires some

prior knowledge of the camera. In Chapter 4 we address challenges associated with
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non pinhole cameras, specifically fisheye cameras. Pose estimation requires substan-
tial overlap between the input images, and so the approach also breaks down for fast

motion and low-overlap input pairs.

Since the publication of this work substantial progress has been made in the use
of large transformer networks to solve the goals outlined in this work [112]. These
large transformers show very promising resutls in the joint optimisation of the 3D
scene, camera poses and intrinsics. These large networks are able to benefit from
the large pool of training data to understand geometric priors. This is also a key
benefit of the hypernetwork structure from our work. These transformer architectures
have demonstrated an impressive ability to scale in size compared to the network
architecture used in our work. We adopt these transformer architecture in a later

contribution.

3.2 Literature Review

State-of-the-art approaches to monocular visual odometry jointly learn scene depth
and odometry of images using unsupervised learning [129, 46, 124, 126, 36]. This
generally uses a warp function to predict images in a sequence based on depth and
estimated pose. This warping usually requires accurately calibrated images which
are often not available on robotic platforms that are deployed in harsh environments.
More recent work by Fang et al. [32] and Gordon et al. [37] have also been able
to jointly learn the camera model, which alleviates one of the main difficulties with
this approach. Ultimately these approaches still use a warp function which will limit
the types of camera geometries that can be learnt using this method. Warp based
approaches also have no ability to deal with view dependent objects, such as non-
Lambertian surfaces. This is something that ray based methods, such as the one

presented in this work, can accommodate.

Digumarti et al. [27] demonstrated the performance of warping using a novel 4D warp
function by extending it to a new family of cameras: sparse light-field cameras. In

using a warp function, these studies are limited to scenes with simple well-explained
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phenomena, for example these methods cannot handle view dependent phenomena

(reflection, refraction).

Recent studies on neural novel view synthesis [80] have demonstrated state of the art
results, with applications to many computer vision applications. While this has been
adapted to robotics in [1, 100, 54, 123], the fundamental limitation of such approaches
exists in being only able to represent a specific scene, and within the spatial region
captured by the input data. The computation required to ray-march is expensive, but
provides a dense and continuous scene representation. Instant-NGP [85] addresses
this limitation to an extent by employing a multi-resolution hash encoding, which

drastically speeds up training and inference, but leads to more sparse geometry.

Light field network (LFN) [95] performs a single query of the network unlike prior
works, enabling a reduction in training and inference time by several orders of mag-
nitude compared to NeRF [80]. Recent studies [3, 72, 101, 110], leverage LFNs to
produce comparable results to that of NeRF's, with tradeoffs between visual fidelity
and speed.

Published after this work, an alternative representation to the LFN is the 3D Gaussian
Splat. This representation has recently been successfully used to perform the same
joint optimisation goal performed in this work allowing for self calibration of wide
field of view cameras [25]. This Gaussian Splating representation differs from the
LFN in that it is an explicit representation compared to the implicit representation

of the LFN, which has some advantages in the interpretability of the model.

Back propagation of gradients through a neural field MLP provides networks an ability
to refine parameters such as pose. While bundle-adjusting radiance fields [73] refines
poses during the formation of a radiance field, using a NeRF as a supervisory signal
for absolute pose regression [16] shows advantages in accuracy around convex and
extended scenes. NeRF's do not perform well on few-shot datasets and require dense
image coverage of a scene to create high fidelity results, however once generated it is
possible to perform accurate pose regression on a minimal dataset [82]. Of key note,

the refinement or determination of pose can be performed in addition to estimation
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of other parameters within the neural field, such as shape, reflectance functions or

illumination [7].

Joint learning of camera intrinsics and neural fields show improved extrinsics esti-
mation. Wang et al. [115] demonstrate an ability to jointly learn focal length and

extrinsics, achieving similar results to traditional methods like COLMAP [93].

Jeong et al. [58] jointly learn a complex non-linear distortion camera model with
the neural field in several stages, allowing the framework to learn a simple pinhole
model followed by complex components including non-linear distortion parameters.
In essence, this curriculum learning approach enables the network to obtain correct

scene geometry without warping the scene to agree with camera distortion.

The Razel model [41] represents each photosensitive element as a virtual ray pizel that
samples a bundle of rays along a principal direction, enabling cameras to be described
entirely in terms of ray geometry without assuming perspective projection. Discrete
raxels specify positions and directions for each pixel, while continuous models define
a ray surface over the image plane, with caustics used to represent these surfaces for
complex optics. Non-geometric properties such as point spread, radiometric response,
and lens fall-off can also be incorporated, resulting in a complete imaging model that
generalizes conventional cameras. While not directly used in this work, an extension

of this formulation could be integrated into future ray-based neural representations.

Hypernetworks [45] allow one network to produce weights for other networks that
can perform additional tasks. The framework presented by von Oswald et al. [108]
has the ability to retain a vast amount of memory for multitask learning using a
hypernetwork. This benefits the individual networks and allows for reuse, owing to

the commonalities between the learning tasks.

Sitzmann et al. [95] also employs hypernetworks to leverage the ability to learn latent-
based embeddings to produce a rendering network that can render the specific scene
represented by latent embedding. Unlike prior works which focus on single scene, this

network has the ability to render multiple scenes based on a single image.
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Figure 3.2 — [llustration of different neural rendering networks a) A standard non hyper
network approach for neural rendering, each scene and network are separate. b) A
hyper network approach means the network can learn from multiple datasets. A
latent vector z is derived from input data.

Figure 3.2 illustrates the difference with the hyper network approach; it allows for
one network to learn to produce a rendering network from a range of scenes, while

the non hypernetwork approach has to learn from scratch for each new scene.

3.3 Method

3.3.1 Network Architecture

The two main learnable parts of the proposed network are the encoding network and
the hypernetwork. These two parts work together to be able to jointly learn pose
and scene geometry from input images. Details for implementation are discussed

in Section 3.4.2.

Encoding Network

The camera interpreter portion of our pipeline serves as an encoding network, which

converts a pair of input frames from a specific camera to a pose and a latent rep-
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resentation of the scene. The encoder is implemented as a CNN with two separate

heads.

The pose head predicts a translation vector t € R? and a 6D rotation representation
r € R® following the continuous parameterisation of [131]. The 6D rotation vector is

interpreted as two unconstrained 3D vectors a; and as:

) aj,ay € R”. (3.1)

A valid rotation matrix R € SO(3) is recovered via a Gram—Schmidt orthogonalisa-

tion:

a1
by = L (3.2)
b
— (bl as)b
by — 22— #32) L (3.3)
Hag — (bl ag)bl’
b3 = b1 X b2, (34)
R = |:b1 b b3] : (3.5)

This construction guarantees R'TR = I and det(R) = 1, ensuring R € SO(3) while

maintaining continuity of the representation.

The full predicted pose is therefore

R ¢
T=| " | (3.6)
07 1

Additionally the scene head outputs a 256-dimensional latent vector z; which contains
the information required to build a rendering of the scene that the two input frames

come from.
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Hypernetwork

In this architecture the hypernetwork W uses the latent vector z; to output the weights

for the rendering network ;,

Here the encoder has already distilled scene-specific information from the images,
which ideally is independent of the camera geometry. The operation of the rendering
network is on the level of light rays, requiring no camera model to generate new
images. In this way, the hypernetwork is able to be used as a tool for multiple
cameras, giving the rendering network an initialisation which may be used to train

the extrinsics and intrinsics of unknown vision sensors.

Neural Fields for Supervision

We utilise the rendering from the light field network to train pose and camera in-
trinsics. There are a few key benefits from using view synthesis from a neural light
field. Firstly, it is ray-based, providing a general model that extends to a large family
of cameras, and resulting in novel views of sufficient visual fidelity ideal for use as
supervision of odometry. Secondly, the implementation is fully differentiable which
allows for an end to end system to be developed in which the input image into the
neural field can be learnt. We utilise this second notion to learn camera parameters

through a differentiable camera model.

The chosen light field network approximates a continuous scene in the form of an
MLP Fy : (o,d) — c with weights ¢. This formulation uniquely maps the ray
direction, d, through some origin, o, using a Pliicker coordinate encoding to a colour,
c. As noted by Sitzmann et al. [95], whilst providing a compact and unique encoding,
complex phenomena such as occlusion are not readily dealt with. The utilisation of
a preceding frame to inform the hypernetwork and sequential camera motion enables
the rendering network to avoid this shortcoming by evolving the scene representation
over a trajectory. For this work we propose using a LFN in preference to alternatives

because of its speed advantages.
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3.3.2 Camera Modelling

Camera parameters are estimated in two parts: intrinsics, consisting of focal lengths
(fe, fy) and principal points (¢, ¢,), and a distortion model. Together these describe

a large family of cameras, except those not well described by a pinhole projection.

Focal Length Estimation

The estimation of the focal length is performed through back-propagation of the ren-
dering MLP. Setting the focal length as a tuneable parameter that can be optimised
allows the network to change the physical model of the camera as it generates scene
geometry. We found through experimentation that the camera model was fairly ro-
bust to intrinsics initialisation. However, if initialised outside a sensible range, the
focal length would get stuck in a local minima. To ensure convergence of the focal
length it is initialised as the width of the image in pixels following [115], this will

typically place the focal length within a suitable error margin.

Given focal length is directly correlated to the scale of the geometry seen on the sensor,
and we seek to jointly learn a representation of the scene and the camera values, small
changes to focal length compared to geometry can trap the network in local minima.
To this end, we use a higher learning rate to converge camera parameters prior to the

network learning substantial scene geometry.

Implicit Non-Linear Distortion

To deal with the generality of cameras, and to avoid the limitations of any single cam-
era model, we model the non-linear distortion using an MLP, D(u,v) = (Az, Ay).
The MLP determines a correction to coordinates on the camera plane using pixel
coordinates (u,v). This pixel coordinate-based MLP effectively is modelling a dif-
ferentiable, smooth and continuous distortion function of sufficient complexity to en-
compass most cameras covered by a pinhole model. Figure 3.4 shows a diagrammatic

representation of the MLP based distortion function in conjunction with the camera
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model. Formally the ray formulation process is as follows, for given pixel coordinate

(u,v). The points on the image plane x4 and y, are calculated,

Tq u
ya| =K' |of. (3.8)
1 1

Using the output (Az, Ay) from the distortion MLP D, the points in camera can be

found as

= + D(u,v). (3.9)

Given the undistorted normalized image-plane coordinates (z,y), a point on the image

plane in camera coordinates is

T
pPc = |y| - (3.10)
Let the camera-to-world transformation be
R t
Tow = , (3.11)
0" 1

which has been estimated by the encoder network. The ray direction in world coor-
dinates is

dw = Rpe, (3.12)

and the ray origin is

The final Pliicker ray for a given pixel becomes

ry = (dw, Oy X dw) . (314)
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Figure 3.4 — Model of camera parameter estimation. The pixel coordinates (u,v) and
the intrinsics K are first used to calculate the distorted points on the image plane
(xg,ya). A distortion network takes as input (u,v) and determines the distortion
values on a per pixel basis and produces a Az and Ay. These corrections are
applied to the points on the image plane producing undistorted points (x,y), which
are converted to rays in world space by the homogenous transformation TCTLW.

The use of an MLP to model distortion provides a flexible and data-driven alternative
to traditional parametric camera models. Rather than prescribing a specific functional
form (e.g., polynomial radial or tangential distortion), the network learns a smooth

mapping D : R? — R? directly from pixel coordinates to image-plane corrections.

While the cameras used in this work can be well approximated by a more conventional
pinhole-based distortion model, the broader objective is to avoid mandating a specific
camera parameterisation. This formulation enables extension to optical systems ex-
hibiting complex, spatially varying, or asymmetric distortions, for which conventional
low-order parametric models may be insufficient. The proposed implicit model there-
fore prioritises representational generality, allowing the calibration process to adapt

to the data rather than constraining it to a handcrafted alternative.

3.3.3 Semi-Supervised Learning

In previous unsupervised learning of odometry work the camera parameters were
required to be known and images undistorted prior to entering the pipeline [129]. In

this work we proposed learning the camera parameters in addition to relative pose
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within the pipeline. This adds a substantial degree of complexity to the network,

which is less constrained.

To reintroduce some constraints, a small amount of labelled data is used to semi-
supervise the network. This allows us to directly impose a loss on the encoder, instead
of having to backpropagate through the hypernetwork and allows us to confine the
pose to metric terms. Previous unsupervised works had to scale the results after
training to recover a metric scale [129]. By imposing the learning of the camera

parameters, we enable direct recovery of relative pose by avoiding scale ambiguity.

The trade-off between needing to know the camera parameters and needing a small
amount of labelled data is often a preferable one. Using a platform such as a robotic
arm enables a set of ground truth poses to be acquired, irrespective of the camera
installed on-board, along a pre-defined trajectory. Novel cameras may require exten-
sive processes to acquire accurate data for direct calibration, which may be costly to
obtain in large volumes. Using a small amount of this data, it enables the network

to extend automatically and generalise to new calibrations.

We demonstrate that this semi-supervised approach outperforms both a fully super-

vised and unsupervised approach. See Table 3.2 for results.

3.3.4 Training Losses

Similar to other works in neural rendering, we employ a photometric loss term L,
as the primary loss function of our network between ground truth ¢ and predicted ¢
pixel colours. This is calculated for all rays r € R, where R is the set of rays captured
by an image,
Lon=3 le—2f. (3.15)
rer
Where images have labelled poses during training, denoted as Z’, we enforce simple

Lo-norms between the translations x € R3 and rotation matrices R € SO(3),

ﬁtrans = Z |X - 5&@7 (316)
I/
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Lrot - Z |R - R‘g (317)

I/
Finally, we encourage the latent space to have a mean of zero by assuming a Gaussian
prior [95],

Lene = ;mean(z). (3.18)

The overall loss function hence encompasses a loss from rendering, any available pose

supervision and an imposed constraint to the latent space

L= )\phﬁph + /\transﬁtrans + >\rot£r0t + )\encﬁenc- (319)

3.3.5 Curriculum Learning

Given the challenges of jointly estimating scene and camera parameters, we employ
a curriculum learning approach to sequentially recover camera parameters within an
evolving neural scene. Initially, the encoding and hypernetwork are trained with
fixed initial camera intrinsics, providing a rough low-frequency representation of the
scene. This rough representation provides sufficient geometry to begin supervising
the camera model. Prior to the geometry being fully converged, we enable the tuning
of focal length in a simple pinhole model, allowing for adjustment of scene scale.
Finally, the full implicit distortion model is added, giving a metric and geometrically
representative scene representation, and providing a camera calibration. Learning in
this way lets the network avoid local minima as higher frequency scene information

is learnt.

3.4 Results

3.4.1 Datasets

We demonstrate the results for the proposed system on both real and synthetic data,

showing the system working for multiple cameras and scenes.
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The real-world dataset used was part of the LearnLFOdo Dataset [27]. While this
dataset was originally collected using a light-field camera, the method proposed in
this work operates on monocular imagery. Therefore, only the central sub-aperture
image is used, which corresponds to a standard monocular camera view. This allows
the dataset to be used directly while maintaining the same camera trajectories and

scene diversity.

The LearnLFOdo dataset was captured using an EPIModule from EPIImaging, mounted

1

on a URbe robotic arm* executing multiple camera trajectories. The images are rec-

tified using the calibration provided.

In total the dataset contains 46 camera trajectories captured across a range of indoor
tabletop scenes. Following the protocol established in [27], the dataset is split into
37 trajectories for training, 6 trajectories for validation, and 3 trajectories for testing.
The test split also contains objects and scene configurations not present during train-
ing or validation, enabling evaluation of the system’s ability to generalise to unseen

environments.

Ground-truth camera poses are provided for all trajectories via the robotic arm,

allowing quantitative evaluation of the calibration and pose estimation accuracy.

The rendered dataset was trained separately to provide comparison between multiple
cameras with defined intrinsics and distortion. This allowed for repeatable scene
configurations and trajectories with multiple cameras of different distortion values.
This was rendered using Blender. A single indoor shop scene was rendered with
random motions ranging from 0.02-0.07m per frame. This scene was rendered under
a range of radial distortion parameters and focal lengths, the principal points were not

modified. This provided ground truth camera intrinsics for accuracy benchmarking.

3.4.2 Implementation Details

https://www.universal-robots.com/products/urbe/


https://www.universal-robots.com/products/ur5e/
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Both the hypernetwork and the LFN are implemented as 6-layer MLPs with rectified
linear unit (ReLU) activations [2]. The hypernetwork contains 256 hidden units per
layer, while the LFN contains 128 hidden units per layer.

The encoder network is a 7-layer CNN with kernel size 3 x 3 to preserve spatial
resolution. The pose head consists of a 3-layer CNN using 1 x 1 convolutions, while
the scene head is a 3-layer fully connected network with 256 hidden units per layer.
The implicit distortion model is implemented as a 4-layer MLP with 8 hidden units

per layer.

All MLPs use Xavier uniform initialisation [35]. The latent scene representation has
dimensionality 128. Positional encoding with 8 frequency bands is applied to ray

inputs when using Pliicker parameterisation.

Training is performed with a batch size of 4 for 1000 epochs. Relative frame pairs are

sampled with a maximum temporal gap of 8 frames.

Loss Weights. The loss weights defined in Equation 3.19 are set to
Aph = 100, Agrans = 30, Aot = 20,  Aene = 1 x 1075

A label ratio of 20% is used for semi-supervised training.

Optimisation. Separate Adam optimisers are used for each learnable sub-module.

Independent learning rates are employed to stabilise joint optimisation:

Encoder: 5 x 107°, Hypernetwork: 7 x 107>,
Distortion model: 1 x 1073, Intrinsics: 5 x 107,
Using separate learning rates is critical for convergence, as the camera parameters and

scene representation evolve at different scales. In particular, the intrinsics require a

significantly larger learning rate to escape shallow local minima during early training.
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Truth (Ours)
7 -
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Figure 3.5 — View synthesis from the learnt LFN on a test scene. A pair of input images
at times 4, ¢ + 1 are shown on the left, with the corresponding predicted views on
the right closely matching in visual appearance. The temporal difference frames
shows the motion through time, it can be seen that the predicted and measured
motion are very similar. Animations of this motion will be made available on
the project website. The green and pink colours shown in the temporal figures
represents positive and negative differences respectively.

Curriculum Learning Schedule. To improve stability when jointly estimating

scene geometry and camera parameters, a staged curriculum is employed.

During the first 25 epochs, camera intrinsics are fixed and only the encoder and
hypernetwork are trained. This allows the network to form a coarse, low-frequency

scene representation.

From epoch 25 onward, the focal length parameters ( f,, f,) are released and optimised
jointly with the scene representation. This stage enables recovery of the correct metric

scale.

From epoch 50 onward, the implicit distortion model is activated and optimised.
Delaying distortion learning prevents the network from prematurely compensating

for poor geometry estimates via high-frequency pixel warping.
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3.4.3 Scene Reconstruction

As shown in Figure 3.5, the framework is able to produce novel views of scenes it
has not been trained on. Given a pair of inputs with some motion between frames,
a pair of predicted frames can be retrieved from the network. As these views are
used as the supervisory signal for the rest of the network, the temporal difference
or motion between the predicted frames should reflect the same motion between the
input frames. This is the case in Figure 3.5, which indicates that the network can be
supervised with this signal. The reconstructions have lost some of the high frequency
scene content, however the reconstruction quality is not critical, but rather how well

the renderings can supervise the motion between the frames.

3.4.4 Camera Modelling

NOCalL is able to recover accurate camera intrinsics, close to ground truth and those
attained by traditional methods. Table 3.1 demonstrates an ability to recover compa-
rable results to COLMAP [93] in the absence of distortion, validating the case of an
ideal pinhole camera by a significant reduction in error. We compare results based on
the mean radial shift per pixel Ar = v/Az? + Ay2. We sample the radial distortion
function used by COLMAP on a grid to obtain a comparable result owing to how the

distortion network is formulated.

We note that while our method is able to significantly reduce the error in the presence
of large distortion, the fixed parametric camera model used by COLMAP provides
a stronger structural prior and therefore offers a closer approximation to the true
continuous radial distortion profile. In contrast, our distortion model is implicit and

jointly optimised with the camera intrinsics, including focal length.

This joint optimisation introduces a degree of redundancy in the parameterisation.
In particular, changes in focal length can be partially compensated by the learned
distortion field, resulting in multiple parameter configurations that could produce

nearly identical reprojection errors. The problem is therefore underconstrained, as
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the photometric objective alone does not uniquely identify a single decomposition

between focal scaling and radial distortion.

In practice, this redundancy does not significantly degrade performance. With suf-
ficient data and optimisation time, the model converges to a stable solution that
yields accurate reprojection and odometry estimates. We further mitigate instabil-
ity through the staged curriculum learning strategy described in Section 3.4.2. By
delaying optimisation of focal length and subsequently the distortion model, the net-
work first establishes a coherent geometric structure before allocating capacity to
higher-frequency distortion effects. This reduces the likelihood of solutions in which

distortion prematurely compensates for incorrect focal estimates.

Nevertheless, additional structural constraints on the implicit distortion model could
further reduce this redundancy. While such constraints may improve parameter in-
terpretability, we observe that the current formulation does not negatively impact the

achieved odometry accuracy.

3.4.5 Odometry Results

Odometry results for NOCal. are shown in Table 3.2. We compared NOCaL to two
other odometry methods: a fully supervised approach with labelled imagery, and
an unsupervised approach based on [129] that requires the camera to be calibrated
and imagery rectified. The unsupervised method was provided with similar numbers
of unlabelled images, around 8000, representative of the availability of unlabelled

imagery in practical scenarios.

While the unsupervised approach did not require any labelled data, it is scale ambigu-
ous, with the results needing to be correctly scaled before an error can be calculated.
NOCaL does not require such scaling as the labelled data during training establish
scale based on semantic information in the image. Furthermore our framework does

not require camera calibration or rectification.

Perhaps surprisingly, our zero-calibration approach outperformed both fully super-

vised and calibrated unsupervised methods. This is partially explained by the amount
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of training data available to each method: NOCaL and the fully supervised approach
were provided with 800 labelled images, but NOCal also has the benefit of additional
unlabelled imagery. In the case of the unsupervised calibrated method, we hypoth-
esise that our freeform distortion model did a better job of describing the camera

distortion compared to the parametric model employed in typical camera calibration.

We performed an ablation study to measure the effectiveness of our camera model —
the results are shown at the bottom of Table 3.2. We tested the full NOCaL, NOCaL
without a distortion model, and a version that does not adjust the camera intrinsics
or distortion model. This study employed rendered imagery simulating a camera
with realistic and known radial distortion. Intrinsics were initialised close to but not
exactly matching correct values, in line with a typical imaging scenario. The study
shows both the distortion model and intrinsic refinement play an important role in
NOCaL’s strong odometry performance. The presented error metrics were calculated

using [42].

3.4.6 Training and Inference Time

Typical training time for NOCaL on the LFodo dataset [27] was approximately 1.5
hours. Training time was tempered by use of the LFN for rendering and use of down-
sampled training images. As the rendering and the odometry can be uncoupled,
inference is performed on the odometry network alone, yielding an inference time
of 16.9 ms, compatible with real-time applications. Performing inference of the full
framework takes 33.9 ms. The networks were trained and timed on an NVIDIA RTX
3060 12GB GPU.

3.5 Discussion and Future Work

In this chapter, we presented NOCal, a semi-supervised learning framework for joint

camera self-calibration and visual odometry estimation. By integrating differentiable
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ray-based camera modelling with a light field rendering network generated via a hy-
pernetwork, we believe NOCalL represents a small step toward general-purpose, plug-
and-play vision systems capable of adapting to previously unseen and uncalibrated
cameras. This has the potential to benefit practitioners deploying autonomous sys-
tems in environments where labelled data is scarce and recalibration is impractical or
infeasible. Examples include scientific exploration missions in marine environments,
planetary surfaces, or other remote and unstructured settings, where robust visual

perception must be achieved with minimal manual intervention.

The results demonstrate that the proposed framework can accurately infer both cam-
era intrinsics, including freeform distortion parameters, and camera egomotion from
unlabelled imagery, even in the absence of prior calibration data. Crucially, this was
achieved using only a small set of labelled trajectories to provide metric scale, while
the vast majority of training data remained unlabelled. This highlights one of the
core strengths of NOCalL: its ability to leverage large volumes of existing or passively
collected data without requiring dense supervision, a key requirement for scalable

deployment in real-world settings.

An ablation study further underscored the value of explicitly learning camera param-
eters, especially the distortion model. We observed that omitting this component
degraded performance. This reinforces the necessity of modelling the complex, often
non-linear, behaviour of real-world optics when deploying learning-based systems in

unconstrained environments.

Despite these strengths, the current implementation of NOCalL is not without limita-
tions. First, while the framework does not require known calibration parameters, it
does rely on a reasonable initialisation of the intrinsics for successful convergence. In
our experiments, standard pinhole-based initialisations sufficed for conventional cam-
eras, but more exotic geometries, such as fisheye, may require additional strategies,
such as meta-initialisation or coarse-to-fine estimation techniques. Secondly, training
the hypernetwork is required either jointly with calibration or before calibration can

occur, this is a computationally expensive task. While it only needs to be performed
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once, it does exclude some potential applications, particularly those without access

to a GPU.

Looking ahead, there are several avenues for extending this work in the future:

e Generalised Camera Models: Extend the current pinhole-plus-distortion model
to support more complex and unconstrained camera geometries, such as fish-
eye, omnidirectional, non-central, and light field cameras. This would further

broaden the applicability of NOCaL to a wider spectrum of emerging sensors.

e Online Calibration and Adaptation: Incorporate mechanisms for real-time or
continuous updating of camera parameters during deployment, enabling the
system to adapt to changes in intrinsic or extrinsic parameters due to thermal

drift, mechanical perturbations, or sensor replacement.

e Field Deployment and Long-Term Trials: Validate the framework in long-term
deployments on real robotic platforms under diverse operating conditions (e.g.,
dynamic lighting, motion blur, varying environmental structure) to assess its

robustness and reliability in real-world use.

e Improved Initialisation Techniques: Develop robust strategies for initialising
camera parameters to enhance convergence in cases where the starting estimates
are far from the true values. This is particularly important for cameras with

highly non-linear distortion characteristics.

Ultimately, the goal of NOCalL is to automate the integration of cameras into a
system by removing calibration as a deployment bottleneck, which is achieved by the
with the ray-base self-supervised prediction signal. We believe the ability to jointly
estimate scene geometry, camera motion, and optical parameters in a data-driven,
label-efficient manner is a critical capability for future autonomous systems: systems
that must operate in the wild, interpret diverse sensor inputs, and do so without

expert human oversight.
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This chapter is specifically interested in removing the manual calibration process
which was demonstrated on conventional images. In the next chapter we move away

from these conventional images instead focusing on wide-field-of-view (FOV).



Chapter 4

Adapting CNNs for Fisheye

Images without Retraining

“The eye sees only what the mind is prepared to comprehend.”

— Robertson Davies

In the previous chapter we looked at addressing the challenges of calibration in deploy-
ing cameras. In this chapter we look into the separate challenge of taking a system
designed for one camera and adapting it to work with another. For this chapter, we
assume we have previously calibrated our cameras, either by hand or a self-calibration
method. In our second technical chapter, we ask the question can we take a model
designed and trained for a specific camera and adapt it to new cameras, without
having to go through the time, energy, and data expressive process of retraining?
Specifically we adapt CNNs, trained on conventional images, to work with fisheye

and omnidirectional inputs.

Parts of this work are published as [38] and the code and project page are available
at: https://github.com/RoboticImaging/RectConv.


https://github.com/RoboticImaging/RectConv
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4.1 Overview

Neural networks have found widespread adoption across a breadth of imaging tasks.
However, adapting these networks to emerging imaging technologies generally requires
gathering extensive new datasets reflective of new camera properties, even when the
operating environment remains unchanged. In this chapter we propose a training-free
method that modifies pre-trained neural networks to operate with previously unseen

camera geometries.

We believe our approach could have applicability across a broad range of neural
architectures and camera technologies. In this work, we focus on CNNs trained on
conventional monocular imagery, and demonstrate adaptation to wide-FOV fisheye-
lens imagery. We show why adaptation is required and why our approach performs
well where previous approaches like image rectification fail. We validate our method

across multiple tasks, neural networks architectures and camera types.

CNN-based architectures generally assume translational invariance, where features
appear consistent across the camera’s FOV. However, many camera geometries in-
cluding fisheye-lens cameras do not exhibit this invariance. CNNs trained on con-
ventional imagery therefore perform poorly with fisheye-lens imagery and, in general,

applying CNNs across camera geometries yields degraded performance.

Prior work has calibrated the camera and rectified its imagery such that transla-
tional invariance holds [125]. Alternatively, they rectify to a common equirectangular

projection and adapt input convolutions to that geometry [98].

However, no general mapping to a rectified image is possible without cropping and
losing parts of the original image [21] (see Figure 4.1). Such methods therefore do

not address all imaging geometries including fisheye.

Patch-wise methods overcome some of these limitations but incur additional compu-
tational cost as multiple projections and inferences are required. Through tuning of
patch parameters such methods trade computation against accuracy, incurring ex-
tensive computational cost for high-fidelity results [98]. They also only address local

deformation.
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Perspective Projection Cylindrical Projection

fs) e ) 230)

Figure 4.1 — Example of perspective and cylindrical camera projections applied to
a wide field of view fisheye image. Regions in red show areas that are excluded
from the rectified projection. Decreasing the focal length can reduce cropping but
increases distortion.

Our approach introduces a modified convolutional layer called RectConv based on de-
formable convolutions [23] and spherical convolutions [98]. As depicted in Figure 4.2,
rather than adapting the image to the network, we adapt the kernel shape to the

image geometry.

Replacing normal convolution with RectConv layers allows pre-trained networks to
operate on new imaging geometries with improved performance. To address both local
and global deformation, we show RectConvs can be applied throughout the network,
not only in the input layer. The only additional information required is a calibrated

model of the camera, from which the RectConv deformations are computed.

The main contributions for this work are:

e The introduction of RectConv layers that enable networks to natively han-
dle previously unseen camera geometries without requiring retraining or re-

projection of input imagery;

e We develop an approach for automatically adapting existing networks to RectConv

networks, allowing pre-trained networks to be applied with new cameras; and
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RectConv

Figure 4.2 — An illustration of what regular convolution and RectConv see for a fisheye
image at a given position in the image. Blue and green boxes indicate the kernel
shapes for regular convolution and RectConv, respectively.

e We compare with naive and rectification-based methods, showing improved per-
formance for wide-FOV images on multiple networks architectures, cameras, and

tasks.

We believe this work will allow efficient deployment of existing solutions with a
breadth of existing and emerging camera technologies. It will also reduce the en-
ergy usage of adapting to new camera geometries. While we focus on large-FOV
cameras and fully convolutional neural networks, we anticipate extension to other

network architectures and camera geometries is feasible.

4.2 Literature Review

Large-FOV cameras. Substantial research has gone into using large-FOV images,
including fisheye [90] and panoramic [120] formats. These wider fields of view can

be particularly beneficial for specific applications like autonomous driving [122]. One
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common technique is to transform an existing perspective dataset to look like a large-
FOV image e.g. fisheye [64, 14], to aid in the training process. This allows existing
datasets of conventional perspective images to be used, but necessitates retraining

per camera geometry and fails to fully capture the target domain behaviour.

While there is a trend toward transformer-based architectures, CNN-based methods
remain state of the art for many fisheye applications [122]. These approaches require
extensive datasets and training for the specific type of camera being used. This can be
prohibitive, fails to leverage the extensive resources of existing pre-trained networks

and datasets, and limits generalisation across different cameras.

Adapting convolutions. There are multiple works that aim to adapt convolutional
layers to better suit a specific camera. [56] were among the first to adapt convolutions
to learn spatial transformations, with their spatial transformer networks (STNs).
Follow-on work proposed Active Convolutions [57] and applied a learnt offset, however
this work only applied a single offset across the whole image, failing to address local

deformation.

Deformable Convolutions [23, 132] are a more general version of active convolutions
which learn an offset field mapping for each position in the image. This makes it much
more general at the cost of an increased number of learnt parameters. Our approach
builds directly upon deformable convolutions by employing camera calibration to
derive a closed-form offset field to match the geometry of the input imagery, allowing

us to operate directly on distorted images.

[31] introduce camera-aware convolutions which embed the camera parameters into
the feature maps of the CNN. This approach addresses conventional pinhole camera
geometry and it is unclear whether it would generalise to other camera geometries. In
contrast, the proposed approach explicitly and efficiently addresses non-perspective

camera geometries including fisheye.

Spherical convolutions. The line of work which is most closely related to ours is
spherical convolution [98] and the many follow-on works [19, 29]. This work applies

CNNs trained on perspective images to 360° images. [127] extend this to use trans-
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Figure 4.3 — For a given patch each pixel is converted to 3D space which is then
sampled on a regular planar grid. This grid in 3D space is converted back to image
locations that represent the kernel locations for that position.

formers instead of CNNs with a focus on panoramic images, and [18] employ the fast
fourier transform (FFT) with increased speed and rotational invariance. However,
in our case we do not want rotational invariance as rotation can be informative [99].
These approaches require additional training or fine tuning, whereas our objective is

to enable adaptation without any retraining.

[103] who introduced Distortion-Aware Convolutions and [99] who introduced Ker-
nel Transformer Networks, both have similar goals to ours in that they seek efficient
adaptation of existing models from perspective imagery without retraining. They,
however, focus on images given in an equirectangular projection specific to 360° im-
agery that does not generalise well to other camera geometries. As discussed by [125]
“spherical models do not provide an accurate fit for fisheye lenses and it is an open
problem”. Our approach doesn’t require an equirectangular projection and can handle

many imaging geometries including fisheye images.
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4.3 Method

4.3.1 RectConv Layers

We propose an adaptation of the convolutional layer which we call RectConv. Unlike
standard convolutional layers, a RectConv layer adapts its kernel shape to match
the local deformation at the point in the image that the kernel is being applied to.
This local deformation results in kernel “offsets” which are calculated based on how
the patch would be rectified. Figure 4.2 shows an example of the RectConv kernel
shape and the corresponding view observed from that kernel. This adaptation of
the convolutional layer is based on deformable convolutions, which provide a general
framework for warping kernel shapes for each pixel location in an image. To achieve
this, we require a way to calculate the local kernel offsets required for each pixel
based on calibrated camera parameters. The offsets also need to be adjusted for each

different network layer, especially for layers that modify size, such as pooling.

Camera Model. Our method requires an invertible camera model that maps be-
tween image coordinates and 3D rays in camera space. In general form this can be

written as

p = fap(u,v,n), (4.1)

where (u,v) are image coordinates, n is a ray length parameter, and p = (x,y, z) is a

point in 3D camera coordinates. The inverse mapping is

(u,v) = fan(p), (4.2)

which projects a 3D point onto the image plane.

The camera model used in this work follows the polynomial fisheye projection model
used in the WoodScape dataset [125]. This model represents rays by their angle of
incidence with respect to the optical axis and maps this angle to a radial distance

in the image through a calibrated polynomial distortion function. This formulation
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enables both forward projection from 3D points to image coordinates and the inverse

mapping required to generate viewing rays.

In the context of this work, fop maps a 3D point expressed in camera coordinates to
distorted image coordinates, while f3;p converts an image coordinate into the corre-
sponding 3D ray direction (or a point along that ray for a given depth parameter n).

The explicit forms of fop and f3p used in this work are provided in Section 2.1.2.

For our method to work it requires intrinsic calibration to be performed. The datasets
used in this work have supplied the corresponding camera parameters from calibra-

tion.

Calculating Kernel Offsets. Here we derive the kernel offsets required at each
image location. The process is depicted graphically in Figure 4.3. The first step is to

convert kernel pixels to points of intersection with a reference surface in 3D space,

pi = fsp(ui, i), (4.3)

where ¢ denotes the different positions in the kernel. The scale of the patch in 3D

space is computed as

_ Wyrid + hfgrid7 (4.4)
2
where wgpiq, hgria are the horizontal and vertical size of the original grid and are
calculated as Ppez — Pmin in their respective dimensions. The rationale for this is
to match the rectified kernel size to be the average of the original kernel size in the
rectified space. A linear planar sampling k of scale s is calculated to be tangential to
the point p. at the centre of the original grid, from which new sample points can be

calculated as

Here p; is the new point in space at position i in the kernel. With the new list of

points in 3D space that can be converted back to the image plane,

ﬁiaﬁi - f2D<ﬁi>7 (46)
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where 1;, 0; are the rectified pixel location on the image that the convolution should

sample. For use within our framework these points need to be converted to the form
i = (Au;, Avy), (4.7)

where Au = @; — u; and Av = 9; — v;. This dfﬁ“t value needs to be calculated for
every position in the kernel and every position in the image. To reduce computational
overhead, offsets are precomputed for a subset of image locations and interpolated.
As the cameras used had a continuous smooth projection, this effectively reduces

computation without affecting performance.
Modifying Offset Fields.

The pre-calculated offset field must be adapted to match the spatial configuration
of each convolutional layer. Let the input feature map have spatial dimensions
(Hin, Win), kernel size (kp, k), stride (sp, sy ), padding (pp, pw), and dilation (dp, d,,).

The effective kernel size under dilation is

BT = dy(ky — 1) 4+1, kT =dy(ky —1)+1. (4.8)
The output spatial resolution is therefore

Hin + Qph — kgﬁc
Sh

Ho = { (19)

in 2w_keﬁ
J+17 Wout:\‘w—i_p wJ+1

Sw

The offset field O € RZFrkwxHxW g interpolated to match the convolutional output

resolution:

0 = I(o, Hyut, Wout), (4.10)

where 7 denotes bilinear interpolation. Stride is implicitly handled by this resampling

operation, as the output resolution reflects the stride-induced subsampling.
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When dilation is used, the sampling locations are spaced by d;, and d, pixels. To
preserve geometric consistency, the magnitude of the offset vectors must be scaled

accordingly:

O + ® 0, (4.11)

where ® denotes element-wise scaling of the horizontal and vertical offset components.

Finally, when the feature map resolution is reduced by a scaling factor « (e.g., due
to pooling or strided convolution), the distortion field must be scaled both spatially

and in magnitude for a given pixel location (u,v):

O, (u,v) = a O(au, av). (4.12)

This ensures that offsets remain expressed in the correct coordinate system of the
current feature map resolution. Together, these transformations guarantee that the
deformable sampling grid remains geometrically consistent across layers with varying

stride, dilation, padding, and spatial resolution.

Conversion from Conv to RectConv Layers. Conversion from a conventional
CNN network to a RectConv version can be carried out efficiently and elegantly.
Given a pre-trained model and camera parameters, a recursive search through the
network modules identifies all the convolutional layers and replaces them with a
RectConv layer. Offsets for the RectConv are computed as in the previous section,
and weights and bias terms from the pretrained network are left unmodified. All
convolution layers with a kernel size greater than one are converted to a RectConv
layer in this manner. Layers with a kernel size of one require no modification and
are left unchanged. The conversion is applied to all layers to address both local and

global distortions.
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Figure 4.4 — A histogram of the outputs from a binary classification task showing how
a RectConv layers result in a bias shift in the outputs.

4.3.2 Effects of Interpolation

A consequence of employing non-integer offset fields in the deformable convolutions
is that samples must be interpolated from the input imagery. Our implementation
employs bilinear interpolation [23]. This process is information destroying and is
present in every RectConv layer. The slight error at each layer accumulates as it

propagates through the network.

Figure 4.4 illustrates the effect of interpolation on the output of a network. This
experiment shows a histogram of a binary classification network’s output before a
final classification layer is applied. The network used for this demonstration was a
simple CNN, which has 4 convolutional layers with kernel sizes of 7, 5, 5 and 3, with
no padding or stride. Then 4 additional 1 x 1 convolutional layers. The network was
trained on a binary classification task involving cats and dogs. The figure compares
the convolutional form of the network applied to rectified perspective imagery, and
the RectConv version applied to a distorted version of the same images. For an

ideal conversion between convolutional and RectConv networks the outputs would
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be identical. However a shift in the distribution is evident, and we hypothesise this

arises due to the compounded impact of interpolation in the RectConv approach.

It is important to note that this behaviour may also depend on the specific inter-
polation strategy used. In this work bilinear interpolation was selected due to its
computational efficiency and its common use in deformable convolution implemen-
tations. However, alternative interpolation methods (e.g. bicubic or higher-order
schemes) may reduce interpolation artefacts and potentially mitigate the accumu-
lation of error across layers. A systematic investigation into the effect of different
interpolation methods on RectConv performance is therefore a promising direction

for future work.

While these results show RectConv conversion is imperfect, it nevertheless demon-
strates competitive performance in adapting to new camera geometries without a
need for retraining. We leave further exploration and mitigation of the impact of

interpolation as future work.

4.3.3 Supported Model Architectures

RectConv layers can be applied to any convolutional layer. However, there are some
criteria needed for the model architecture to be a strong candidate for RectConv
conversion. The model should not have a fixed input image size, instead it should be
able to accept an image of arbitrary size. This is required as the perspective images
used to train the model will not be the same size as the target (e.g. fisheye) images
that will be used for inference. One architecture family with this behaviour is fully

convolutional networks.

Given these considerations we chose to demonstrate our approach using fully con-
volutional networks [76]. These architectures have seen success on a wide range of
computer vision tasks. They do not have any fully connected layers and natively
accept images of different sizes. We have also chosen networks that have no decon-

volutional operations. While we do not demonstrate adaptation of deconvolutional
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layers to a rectified alternative, we believe generalisation is feasible and leave this as

future work.

4.3.4 Fine-Tuning

For this work we are explicitly interested in how networks can be adapted to new
cameras without any additional training. We acknowledge that performing fine-tuning
may enhance performance in many applications and mitigate the bias shift due to

interpolation discussed in Section 4.3.2.

4.4 Results

Tasks. We believe the proposed approach is general and applicable across many
vision tasks. There are however certain tasks which are better suited to RectConv
conversion than others. Size-conserving and pixel-wise labelling tasks such as segmen-
tation and depth estimation are a strong fit, and for this reason we chose segmentation

to demonstrate the effectiveness of the approach.

More challenging tasks have outputs with different dimensions to the input. A key
example is object detection for which the outputs are a list of bounding boxes with
pixel locations. We chose this task as a more challenging example for RectConv
networks. An interesting side effect of conversion to RectConv layers is that because
the kernels only see rectified patches the bounding box extents have been rectified
locally around the object being bounded. This necessitates an additional step in

which the rectified box extents are projected back to the original input image.

Datasets. We demonstrated our approach on imagery from three different cameras
drawn from two separate datasets. Firstly, Woodscape [125] is a multi-task, multi-
camera fisheye dataset. Woodscape has four fisheye cameras deployed on a vehicle,
with data collected throughout a city environment. We demonstrated results using

two cameras which capture the diversity of imaging geometries present in the dataset.
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Figure 4.5 — Comparison of segmentation using a FCN-Resnet101 pre-trained on
Cityscape. The unmodified pre-trained network shows poor performance; pre-
rectification shows poor performance and suffers from dead zones that could not
be included in the rectification; and the proposed RectConv shows the strongest
performance while covering the entire image.

The second dataset we use is PIROPO [24]. This dataset tracks people moving around
a room from both a perspective and omnidirectional camera across multiple sequences.
We used only the omnidirectional camera and demonstrated both segmentation and
detection. The ground truth data provided includes a single labelled point for each

person.

These datasets provide calibration parameters and are described with a radial distor-

tion modelled using a 4th order polynomial.

Models. We demonstrated our approach adapting four different pre-trained segmen-
tation models constructed from two different backbones, ResNet50 and ResNet101 [48],
and three separate architectures, FCN [76], DeepLabV3 and DeepLabV3+ [13]. We
used an FCOS ResNet50 [104] for object detection. These are representative of stan-
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Table 4.2 — Comparison of segmentation and detection using pre-trained models on
fisheye imagery from the PIROPO dataset.

Segmentation Network Object Detection Network
Method
FCN(Resnet101) DeepLabV3(Resnet101) FCOS(ResNet50)
Precision Recall F1 Score Precision Recall F1 Score Precision Recall F1 Score
Conv(Distorted) 69.09 32.90 44.57 64.10 28.86 39.80 84.64 63.64 72.65
RectConv(ours) 76.91 48.05 59.15 81.00 44.30 57.28 86.67 65.66 74.71

dard models for segmentation and detection, while also having readily available pre-

trained weights.

Pre-trained Networks. Each test required a pre-trained convolutional network to

be converted to the RectConv version.

For the Woodscape dataset all pre-trained models were trained on the Cityscape
dataset [20]. Segmentation was evaluated using only the classes present in both
Cityscape and Woodscape. In the case of DeepLabV3+ we use a publicly available
network pre-trained on Cityscape. For the PIROPO dataset [30] all pre-trained mod-
els were trained on Pascal VOC. We used the pre-trained models supplied by pytorch
which are readily available. For this test, only the person class was used and the

other available classes were ignored.

4.4.1 Results: Woodscape

Table 4.1 and Figure 4.5 show quantitative and qualitative results for the Woodscape
dataset. We compared our method to three baseline approaches: the naive method of
applying the pre-trained network directly to the distorted fisheye image; pre-rectifying
the input images before inference using a cylindrical projection, as this projection
maintains a larger field of view compared to other projection; and a patch-based
approach which splits the image into multiple patches, rectifies them individually,
and then runs inference on each patch. The last of these required manual adjustment

to our specific application, such as patch size, location, overlap.
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Figure 4.6 — Detection and segmentation results for people on the PIROPO dataset
[24] using pre-trained segmentation (FCN-Resnet101) and object detection (FCOS-
Resnet50) networks. RectConv has significantly improved the segmentation results
and has a significant improvement in bounding box detections.

Our method outperforms the alternatives with stronger quantitative results, as well as
stronger qualitative results that cover the entire FOV when compared to the Distorted
and Rectify methods. Importantly, our approach requires no additional training, only
a one-time closed-form conversion of the convolutional layers to their RectConv al-
ternatives. The performance of the patch-based method is only slightly lower, as
expected, since rectifying input patches solves many of the issues of the other ap-
proaches. We postulate the smaller performance gain seen for the DeepLabV3+ is
due to head performing less standard convolutions operations. The main drawback
of the patch-based method is the significant increase in inference time as discussed in

Section 4.2 and demonstrated in the evaluation of inference time below.

Figure 4.5 clearly illustrates the differences between approaches and how they compare
to the ground truth. For the pre-rectification method the results are distorted back
to the original image geometry, making the cropped dead zone clearly visible in the

centre of each segmentation mask. The additional errors from using a distorted input
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Table 4.3 — Inference times using different methods. The % increase compared to the
standard convolutions is shown.

Model Inference Time Seconds - (% Increase)
Conv(Distorted)  Conv(Patches) RectConv(Ours)
FCON Resnet50 030  0.83 (177%) 0.46 (53%)
FCN Resnet101 0.41 1.15 (180%) 0.66 (60%)
DeepLabV3 Resnet50 0.32 0.91 (182%) 0.55 (71%)
DeepLabV3+ Resnet101 0.25 0.69 (179%) 0.38 (52%)

are also clearly visible for the convolution method, especially looking at the road

prediction.

4.4.2 Results: PIROPO

Results for PIROPO are shown in Table 4.2 and Figure 4.6. As there is no ground
truth segmentation available for this dataset the quantitative results are shown as an
accuracy of correct detection of people within the image. These results show that,
not only does converting layers to RectConv increase true detection, it also reduces
spurious detection. From the qualitative results we can see that the segmentation

masks are cleaner compared to the naive approach.

In object detection, RectConv outperforms the conventional approach in all measures.
The extent of the quantitative benefit is not as strong in detection as it is in segmen-
tation. The conversion of bounding boxes in the RectConv network into image space
is imperfect and is a topic for future research. Typical errors from the bounding box

conversion are seen in Figure 4.6.

Inference Time. The conversion of a network to use RectConv layers incurs addi-
tional inference-time computational cost due to the additional step of deforming the
kernels. Table 4.3 shows the average inference time for the four networks we evaluated
operating on a single image, running on an NVIDIA RTX3060, and the percentage
increase in time compared to standard convolutions. Across the four different models
there was an average of 180% increase time for using the patch-based method. This
was the best case scenario for the patch method, where only the relevant patches in

the image were selected, significantly reducing the number of patches used. There was
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Table 4.4 — Effect of different RectConv layers.

RectConv RectConv
Classification ~ Pixel Acc(1) MIoU(T)
Backbone
Head
X X 82.60 24.90
v X 88.14 30.01
X 4 82.63 24.92
v v 89.12 31.68

a 60% increase in time for using RectConv method, while slightly outperforming the
patch-based method. We also expect that given optimisation the overhead required

to run our method could be reduced.

4.4.3 Ablation Study

Table 4.4 shows the results of an ablation study on how converting different parts of
the network to RectConv layers affects overall performance. This study was performed
on the Woodscape dataset, using the FCN ResNet101 segmentation network. It can
be seen that the vast majority of the performance gain comes from converting the
backbone. As the backbone is the part that is extracting geometric features it is
understandable why it benefits most from RectConv. This supports the potential of
the proposed approach to generalise well to other applications as these backbones are

used for a range of tasks.

4.5 Discussion and Future Work

In this chapter, we introduced RectConv, a training-free method for adapting pre-
trained models to new cameras geometries without any additional training or data
required. We adapt a CNNs to non-standard camera geometries, such as fisheye
lenses, without the need for image rectification, network retraining, or domain-specific
fine-tuning. RectConv modifies the sampling behaviour of standard convolutional
layers to account for camera distortion at inference time by transforming the receptive

field based on a calibrated ray model. This allows networks trained exclusively on
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conventional rectilinear imagery to operate directly on wide-FOV images, preserving

information typically lost or degraded through naive rectification procedures.

Empirical results across multiple tasks including semantic segmentation and object
detection demonstrate the robustness and generalisability of the RectConv approach.
When applied to networks trained on the Cityscapes dataset and evaluated on fisheye
datasets such as Woodscape and PIROPO, RectConv consistently outperformed both
baseline methods: (i) direct application of pre-trained models to distorted input, and
(ii) standard pre-rectification followed by inference. These findings underscore a key
contribution of this work: bridging the geometric domain gap between training and

deployment without requiring data augmentation or model retraining.

This work is particularly impactful in autonomous robotics, drone-based inspection,
mobile mapping, and surveillance systems, which often necessitate the use of wide-
FOV or custom optics, and where retraining models for every configuration is infea-

sible.

In an era where the energy demands of artificial intelligence are rapidly increasing,
the ability to reduce energy consumption during model deployment is becoming in-
creasingly important, particularly as training deep networks continues to grow more
computationally intensive. A key advantage of the proposed approach is that it
eliminates the need for retraining when adapting to new camera geometries, thereby
significantly lowering the energy cost associated with system deployment. While this
work contributes a step toward more energy-efficient multimodal vision systems, there
remains a broader need within the field to develop methods that explicitly prioritise

sustainability and energy-aware design in both training and inference.

Despite its effectiveness, RectConv has practical limitations that must be considered
in deployment scenarios. For instance, the computational overhead introduced by
the distortion-aware sampling procedure. As detailed in Table 4.3, RectConv incurs
a modest increase in inference time, especially on deeper CNN backbones. While
acceptable for many robotics and embedded vision applications, this overhead may
be prohibitive in real-time systems with strict latency constraints or limited hardware

acceleration. Furthermore, as discussed in Section 4.3.2, interpolation artifacts arising
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from non-uniform sampling can slightly degrade output fidelity. This degradation is
likely to be more pronounced in deeper architectures, where accumulated interpolation

error may attenuate feature responses or introduce bias in downstream tasks.

Another area of ongoing investigation is the scope of the network conversion process.
While the current implementation handles a wide range of convolutional layers, like
dilated convolution, extending support to additional non-convolutional encoder heads

remains an open challenge.

In terms of future directions, we identify several avenues for extending this work:

e New tasks: While this chapter focused on dense prediction (segmentation) and
detection, the same geometric adaptation strategy is directly applicable to tasks
such as monocular depth estimation, visual odometry, and view synthesis, where

geometric accuracy is paramount.

e Generalised camera models: RectConv requires a calibrated model of the un-
derlying imaging geometry. While this thesis focused on fisheye imagery, the
same framework can accommodate many camera models for which rays can be

parameterised, including catadioptric, and even multi-aperture systems.

e Self-calibrating integration: RectConv can serve as a downstream module within
a broader self-calibration pipeline. A natural extension of this work is to in-
tegrate RectConv with the NOCaL framework introduced in Chapter 3. Such
an integration would yield an end-to-end system capable of learning both the
camera parameters and the downstream perception model adaptation jointly,

enabling true plug-and-play deployment across arbitrary imaging geometries.

By decoupling geometric adaptation from supervised learning, RectConv advances the
thesis’s central objective: reducing the engineering burden of deploying new cameras
in vision systems, while not being task or domain specific. This approach lowers the
barrier for utilising wide-FOV and non-conventional cameras, particularly in domains

where labelled data is scarce or retraining is costly. More broadly, this approach offers
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a promising pathway towards modular, camera-agnostic vision pipelines capable of

dynamically adapting to the constraints and opportunities of novel sensor hardware.



Chapter 5

Positionally Embedded Rays for
Multi-Camera, Multi-Modal Vision

“The eye sees only what the mind is prepared to comprehend. But some-

times, two eyes see more than one.”

— Adapted from Robertson Davies

In the preceding chapters, we addressed the challenges of deploying single-camera
systems, first by removing the need for manual calibration, and then by adapting
existing models to new camera geometries. In this final technical chapter, we turn
our attention to the complex problem of deploying multi-camera systems, particu-
larly those composed of heterogeneous modalities. These systems are increasingly
common in robotics and autonomous platforms, where combining visual cues from
multiple sensors, such as RGB and thermal cameras, can offer improved robustness

and performance in diverse environments.
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Parts of this work are published as [39] and the code and additional visualisation are

available at: https://roboticimaging.github.io/RoRE/.

5.1 Overview

Multi-modal and multi-camera vision systems offer significant advantages over single-
sensor setups by providing richer and more resilient scene understanding. Using mul-
tiple cameras, potentially of different modalities such as RGB and thermal, enables
broader spatial coverage, redundancy, and access to complementary information. This
is especially beneficial in environments with dynamic lighting, occlusion, or degraded
visibility, where reliance on a single modality may lead to system failure [6]. For
instance, thermal cameras are effective in low-light or obscured conditions such as
smoke, while RGB cameras provide high-resolution texture and colour cues essential

for semantic interpretation.

However, integrating such heterogeneous inputs introduces substantial challenges.
Differences in spatial resolution, photometric response, field of view, and spatial or
temporal alignment make it difficult to reason jointly across modalities and view-
points. Most existing systems rely on manually engineered fusion strategies or ar-
chitectures tailored to a specific sensor configuration [79], reducing adaptability and
increasing the engineering effort required for deployment across varied hardware se-

tups.

Building on this motivation, this chapter introduces a modality-agnostic, transformer-
based framework for multi-camera, multi-modal scene understanding. The proposed
system accepts an arbitrary number of camera inputs, each potentially from differ-
ent modalities, and constructs a unified geometrically consistent representation of
the scene without relying on modality-specific processing or rigid sensor configura-
tions. Specifically, we focus on RGB and thermal imagery as a representative case,
demonstrating how this approach can fuse heterogeneous inputs to infer depth and

synthesise cross-modal novel views. A high level overview is shown in Figure 5.1.


https://roboticimaging.github.io/RoRE/
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The framework operates in a fully feedforward manner, requiring no explicit regres-
sion or alignment stages. The proposed architecture is in Section 5.3, we’ll describe
its content over the next sections, for now know that a key source of novelty is in
leveraging a novel extension of RoPE [97] that embeds both ray information and
sensor modality directly into the tokens, which represent patches in images, as they
propagate through the network. This design enables the transformer to reason over
bundles of rays (patches) in a geometry-aware fashion, preserving spatial and modal-
ity context even across disparate sensor types. To accomplish this we require posed

images, i.e. operating with pre-calibarted arrays.

Like the earlier chapters, this work continues to operate in ray space, but extends
the paradigm to operate at the patch level, which aligns naturally with transformer
architectures. This allows the model to learn complex spatial and semantic corre-
spondences across modalities. Similar to Chapter 3 it uses novel view rendering as a

self-supervisory signal without relying on explicit hand-engineered fusion strategies.

One limitation of the patch based approach is that it assumes neighbouring pixels
correspond to neighbouring rays. This assumption does not extend to a range of
camera archetypes, such as lenslet-base light fields or coded aperture where its not a
natural mapping of a single ray to a single pixel. For this contribution we focus on

cameras where this assumption holds.

We validate the efficiency of our embedding against the current state of the art for
RGB-only inputs [60]. We then validate the multi-modal integration on simulated
RGB and thermal scenes, showing the model’s ability to produce coherent depth
maps and accurate cross-modal image reconstructions (e.g., RGB-to-thermal synthe-
sis). The visual results reveal that the model implicitly learns correspondence across

modalities, highlighting its potential for robust real-world deployment.
The key contributions of this chapter are:
e A novel transformer architecture that uses a ray based rotary positional em-

bedding that allows multi-camera systems to be jointly integrated into a single

representation;
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Figure 5.1 — Multiple images with different modalities are encoded using a ViT. This
network can render novel views (photometrics) of the captured scene in any of the
input modalities. The network also produces depth maps (geometry) of the scene.

e A multi-modal training scheme that allows for a single model to accept different

configuration of modalities across an arbitrary number of cameras;

e A self-supervised training objective based on masked cross-modality view pre-

diction that enables a robust vision pipeline that is resilient to occlusions;

e Comparison to state-of-the-art RGB-only alternative, showing faster conver-
gence, and comprehensive evaluation of multi-modal performance under differ-

ent operating configurations; and
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e A simulated multi-modal dataset which consists of ~ 4000 indoor rooms, with
ground truth poses and depths, which will be publicly available upon publication

of this work.

This work represents a step forward in building generalisable plug-and-play vision sys-
tems, capable of scaling across diverse sensing setups with minimal prior knowledge
or engineering effort. We anticipate this framework to be particularly impactful in ap-
plications where multimodal perception is critical, such as in autonomous inspection,
search-and-rescue robotics, and mobile systems operating across day-night cycles or
visually degraded conditions. Furthermore, because the model is self-supervised, fully
feedforward, and agnostic to the specific sensor arrangement, it can be be applied to
countless downstream tasks in a flexible way. This lowers the barrier for integration
into new platforms. In the broader context of autonomous vision, this contribu-
tion supports the shift away from rigid, task-specific vision systems toward adaptive,
modality-aware architectures that generalise across hardware, environments, and mis-

sions.

5.2 Literature Review

Multimodal sensor fusion has been extensively studied across fields such as robotics,
autonomous driving, and medical imaging. Traditional approaches rely on early or
late fusion strategies [87], combining feature representations from each modality either
at input level or decision level. However, these methods can struggle when modalities
are misaligned or degraded. It is an active area of research to expand geometric

reasoning to additional modalities [79, 66].

Recent advances in deep learning, particularly transformer architectures [106], have
demonstrated superior capability in capturing complex relationships across inputs,
due to its attention mechanism. Transformers have been extended to multimodal
tasks such as vision-and-language integration [102], suggesting their potential for

multimodal sensor fusion.
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Bachmann et at. [4] demonstrated transformers’ impressive ability to learn multi-
modal image correspondences. However, this work focuses on images that are aligned
so while it is able understand multiple modalities, it is unable to understand un-
aligned pixels meaning it is not suitable for multimodal camera arrays because of the

baseline between them.

Beyond transformer based archetectures Hassan et al. [47] adapt NeRFs [80] to work
with RGB and thermal images while Chen et al. [15] adapts Gaussian splatting [63]
techniques to work for thermal images. Lu et al. [79] extends it further to fuse ther-
mal and RGB imagery into one scene understanding. These works demonstrate the
benefits of complementary information across sensors and motivate extending view-
synthesis transformers to multi-modal inputs, where alignment and fusion strategies
remain open challenges. To our knowledge this is the first work that performs feed-

forward multi-modal novel view synthesis, this is a key development of our work.

Shaw et al. [94] and following on work [53] propose schemes that embed position
information relative to other positions, they show that this relative relationship has
distinct benefits in multiple domains. This concept is extended further with RoPE [97]
which embeds position information as rotations, that in a transformer architecture

preserves this relative embedding property, we extend RoPE in this chapter.

Philippe et al. [117, 116] demonstrate a pre-training step for cross view infilling, i.e.
images with a baseline, they do this with masked inputs similar to [4]. This work has
impressive geometric understanding but is only designed for RGB. Extending geo-
metric reasoning across multiple views, techniques like DUST3R . [112] learn pose and
scene geometry, tailored for RGB data. They demonstrate RoPE has improved the
efficiency of positional encoding in vision transformers. Embedding spatial informa-
tion relevant to multiple camera views remains a relatively under-explored challenge,

especially for multimodal and cross-domain contexts.

Previous work that builds upon RoPE is either 2D [116] or 3D [111, 5, 75], including a
temporal dimension. The proposed research builds upon these foundations by intro-
ducing a ray coordinate (6D ray space) embeddings into transformer models, enabling

flexible and scalable multimodal integration across heterogeneous camera systems.
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Jin et al. [60] proposed LVSM which embeds ray information into patches similar to
what we propose in this chapter, they show impressive performance for NVS and are
able to integrate multiple input images, however they perform this ray embedding
using absolute embeddings, which we proposed could be improved upon by using a
RoPE based embedding. Other work also propose using relative embedding spaces.
CaPE [65] and GTA [81] investigate conditioning attention on relative camera trans-
formations, based on rotational biases. Li et al. [71] propose PRoPE which encodes
entire camera frustums as relative positional embeddings. These work use the fact
that relative embedding should generalise better, however they move away from the
ray-based representations, and this hinders generalisation. These approaches are also

only designed for RGB images.

Self-supervised learning techniques for depth and pose estimation [129] have high-
lighted the power of cross-view consistency signals, while domain adaptation work [44]
demonstrates the value of learning across modality gaps. He et al. [50] is recent work
that learns a model which finds explicit correspondences between input images of
differing types. However, to our knowledge no existing systems are able to generalise
integration of information from arbitrary camera arrays and modality combinations

without architecture re-design.

5.3 Method

We present the method used to achieve flexible, geometry-aware multi-camera, multi-
modal scene understanding. The proposed system operates under the assumption that
all cameras are posed and calibrated, meaning their intrinsics and extrinsics are known
in advance. This is a valid assumption for many practical setups where camera arrays
are rigidly mounted, such as in autonomous vehicles, drones, or fixed surveillance
platforms. Although recent approaches, such as VGGT [109], seek to learn these
camera parameters, we argue that when camera poses are in a fixed relationship, this

information offers valuable geometric structure that should be exploited.
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Our work extends the capabilities of prior approaches like MultiMAE, which demon-
strated the feasibility of cross-modal fusion within transformer-based architectures.
However, MultiMAE was limited to confocal setups, where all modalities originate
from the same spatial viewpoint. This assumption does not hold in most real-world
camera arrays, where physical baselines between sensors complicates fusion but in-
troduce geometrically informative perspective variation. Our method is designed to
handle these non-confocal configurations, leveraging baseline-induced disparities to

improve spatial understanding.

The core of our approach involves embedding both ray geometry and modality infor-
mation into the transformer architecture in a way that enables consistent reasoning
across views and sensor types. We build on the premise, echoed throughout this thesis,
that operating in ray space, rather than image space, provides a unifying represen-
tation that facilitates integration across dissimilar imaging systems. The following
sections detail our embedding strategies, architectural design, masking formulation,
and training objectives that collectively enable high-fidelity reconstruction and depth

estimation in multi-camera, multi-modal environments.

5.3.1 Embedding Ray and Modality Information

A central challenge in multi-camera, multi-modal vision is enabling the model to
reason coherently across different viewpoints and sensor types. While transformer
architectures are naturally well-suited for learning correspondences between disparate
inputs, they rely heavily on positional encodings to inject spatial structure into the
otherwise permutation-invariant attention mechanism. For multi-view, multi-modal
perception, it is therefore critical to embed information about both camera pose and
sensor modality in a form that enables the model to align and fuse observations into

a unified, geometry-consistent representation.

To address this, we propose an embedding strategy that builds on RoPE due to its
relative embedding space, we propose using a ray-based representation that encodes

the spatial origin and direction of each patch, instead of the index of patches, see
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Figure 5.2 — Embedding ray-base information for patches in an image. This is the ray
that is corresponds to the centre of a patch. It is parameterised as the using the
camera origin and the direction of the ray.

Figure 5.2 for a graphical illustration. This perspective-centric formulation has several
advantages, particularly when dealing with heterogeneous camera arrays where each
view may observe the scene from a different pose or with a different field of view.
This idea is consistent with prior work LVSM [60], though our approach differs in
how the ray geometry is embedded within the network.

In addition to ray-based positional encoding, we explicitly embed the modality class
associated with each input patch. This allows the transformer to distinguish be-
tween RGB and thermal inputs and to learn modality-specific patterns while still
enabling cross-modal interactions. Together, the ray and modality embeddings form
the foundation for consistent spatial reasoning across diverse inputs, facilitating ac-

curate cross-view synthesis and depth estimation.

Rotary Embedding Rays

To embed ray-based positional information into the transformer architecture, we ex-
tend the concept of RoPE [97], originally designed for encoding 1D sequences in

natural language processing. RoPE encodes positional information through rota-
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tions, which preserve relative distances and directional relationships, making it an
attractive foundation for injecting geometric information. Its original formulation
was designed for one-dimensional sequences and must be extended to handle the

higher-dimensional inputs required for ray-based vision.

We draw inspiration from several recent works that have extended RoPE beyond
1D. For instance, CroCoV2 [116] 2D variant to handle spatial information in image
patches, while more recent efforts [111, 75] have proposed 3D extensions to incorpo-
rate temporal dimensions for video understanding. Building on this progression, we

generalise to arbitrary n-dimensional ray data, which we refer to as RoRE.

RoRE allows us to embed high-dimensional inputs such as rays, which are param-
eterised by both position and direction in 3D space. A visual comparison of 1D,
2D, and our proposed RoRE embeddings is shown in Figure 5.3. Unlike traditional
positional encodings that are added to the input, RoPE applies multiplicative trans-
formations through rotations, maintaining spatial structure even after multiple layers

of attention.

An interesting property of higher-dimensional RoPE is that it introduces structured
constraints into the feature space. Increasing the dimensionality leads to fragmenta-
tion of the feature space, as more positional dimensions reduce the number of feature
channels in which the positional information is embedded. While there is likely a
practical upper bound on the dimensionality beyond which performance degrades,
we did not observe such issues within our embedding configuration. Alternative ap-
proaches—such as learnt positional embeddings or coordinate MLPs—may offer com-
plementary trade-offs without fragmenting the channel space, but a comprehensive

comparison of these techniques is left for future work.

Ray Representation

A key design decision in our method is how to represent light rays in a form suitable
for embedding within the transformer architecture. Two commonly used formulations

in the literature are Pliicker coordinates and the plenoptic function. While Pliicker
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Figure 5.3 — Different dimensionality RoPE embedding. The RoPE-1D is the standard
process [97] for 1D positional information used extensively in natural language
processing. The process involves taking the query/key vector of size d and applying
a rotation to this vector which are proportional to the value ofp;. The RoPE-2D is
an extension of the 1D case, for when 2D positional information is being embedded,
by spiting the vector being encoded into two sub vectors. This is used in embedding
patch location from images [112]. In this work to embed rays we require RoPE
to embed a higher dimensionality, in our case 6. In this figure we show the n-
dimensional case, which we refer to as RoPE-nD here. This allows us to embed
additional positional dimensions of arbitrary size. However it should become clear
that as we increase this dimensionality we fragment the latent space. This places
additional constraints on the network, which we hypothesis is an undesirable side
effect of increasing positional dimensionality.
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coordinates provide a compact and algebraically elegant way to represent rays in
projective space, they are less straightforward to work with when estimating depth,

particularly in the context of feedforward learning systems.

We initially experimented with a local Pliicker-based ray representation, similar to
the approach used in LVSM [60], where scene geometry is inferred by computing ray
intersections in a global coordinate system. However, this formulation introduces
significant complexity when it comes to estimating per-pixel or per-patch depth, as it
requires reasoning over geometric consistency in 3D space and computing local ray-
frame intersections for every point. This added geometric burden proved difficult to

integrate efficiently within the transformer framework.

Instead, we adopt a simpler and more flexible 6D ray formulation, which represents
each ray as a combination of a point on the ray and its direction in 3D space. This
representation is well-aligned with our RoRE embedding strategy and proved more
effective in practice. In particular, we observed improved performance for depth

estimation, with comparable results for photometric reconstruction.

The ray corresponding to each input patch is computed at the centre of the patch,

and is represented as:

Rrateh = [t d| (5.1)

where RP" is the ray parameterisation for a patch, t = [t,,,,t.] is the 3D position
of the camera entrance pupil in world coordinates, and d = [d,, d,, d.] is the corre-
sponding unit direction vector of the ray passing through the patch centre. These

vectors are passed as input to the RoRE embedding described previously.

For the remainder of this chapter, when we refer to rays, we specifically mean this

ray formulation for a specific path, unless otherwise stated.
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Figure 5.4 — Comparison of learned vs handcrafted frequency. Left compares
the learned frequency for the position and direction dimension. It shows the magni-
tude of rotation that has been learned is larger for position than it is for direction.
Right is comparing the normalised position and direction frequencies to the stan-
dard handcrafted frequency from (5.5). While similar the learned frequencies differ
from the handcrafted ones.

Embedding Dissimilar Information

When embedding dissimilar types of information, such as ray origin and direction,
there are no guarantees that the inputs will share the same spatial scale, nor that
they should use similar frequencies in their sinusoidal encoding. In fact, in our set-
ting, we know these elements operate at different scales: position values (ray origins)
are typically much larger in magnitude than unit-normalised direction vectors. To
account for this mismatch, we introduce two modifications to the standard RoPE
formulation, both of which involve learning additional parameters that modulate the

frequency and scale of the positional encoding.

Preliminaries

Su et al. [97] introduced RoPE which is designed to perform rotations of a d dimen-
sional vector & as a way to embed relative positional information into a new vector

Trotated- Mathematically this is:

Lrotated — fRoPE(wa m)7 (52)

fropE(T, M) = R 7, (5.3)



5.3 Method 98

where R} is an n dimensional rotation matrix constructed by multiple 2D rotation
matrices:

Ry, = diag [R*(mby), R*(mba), ..., R**(mb,)] (5.4)

xd '
Here R?1(0) is the SO(2) rotation matrix with angle 6. The 6 is predefined based on

the following:
6; = 1000~ 2(-/d, (5.5)

for i € [1,2,...,d/2]. This provides decay of the rotation frequencies [106]. For further

details and formal explanation see Su et al. [97].

While this was originally applied to one dimensional positional information for lan-
guage models, it has also been applied to two dimensional positional embedding of
pixel indices [116, 112, 69]. To do this the vector is split into two & = [m%), :1:522)] where
one half is rotated according to some pixel index u and the other half is rotated based

on some pixel index v. Giving:

Trotatea = | (@5, 1), f(@]),0)]. (5.6)

In our case we do not want to use pixel indices instead we want to encode rays.

Embedding Rays

In this work, we embed a single ray for each image patch. Specifically, we use the ray
corresponding to the patch centre, computed as the average of the rays of all pixels
within that patch. This ray is then used to embed the position of a given patch.
Building from base RoPE, we now have higher dimensional positions, in our case the
6 that are required to represent the Pliicker ray. This has 3 position (or moment
in the case of Plicker coordinates) dimensions ¢ and 3 direction dimensions d. A
new strategy is needed to developed to embed this information. A straightforward

extension is to break up the embedding further into 6 parts & = [a:%), e :I;%)], leading
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to:

s = [ (5000 5 (2] 50) 1 (5500 5 o0 ) 1 ()]

(5.7)
We note, the more dimensions being embedded the more fragmented the vector be-
comes, essentially putting additional constraints on the latent, see Figure 5.3 for a
graphical illustration of this effect. The position and direction components differ fun-
damentally in magnitude and semantic meaning. The magnitude of the frequencies

required for translation values is likely to be different to that of the direction vectors.

We propose another approach by replacing the standard handcrafted base frequencies
in ( 5.5) with frequencies for each dimension, superimposing their contributions with-
out fragmenting the embedding space. This allows the network to learn how position

dimensions interact with different parts of the latent space. Our frequencies 6,,4/2

d

have size p X §, where p = 6 represents the ray dimensions and d is the query/key

token dimension.

The final rotation around a given plane in the d dimensional space is the superposition

of the of all the learned 8 values scaled by their respective ray-position values:

s (P.0) = 1 (S (P, 0,,)). 5.9

p

where P, is the position value vector [t,, t,,t., d;, d,, d.] containing the position values
for a patch, 0; is the learned frequencies across all position dimensions for a given

rotation plane i € [1,2,...,d/2]. Our RoRE formulation then becomes:

Lrotated = fRoRE (w7 Pa 0) > (59)

[rorE (%,0, P) := Rz, (5.10)

where

RZ = diag[R%%(iRE(Pa 6.), R?%doRE<P7 62), "'R%%doRE(P? Od/2>]x- (5.11)
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Figure 5.5 — Attention Comparison. Attention between frames at different po-
sitions using the Pliicker parametrisation. The attention score between a query
patch, identified in red, and all other patches is shown. Unit query and key vectors
are used for this demonstration. The standard RoPE position values bias attention
to rays near the query ray. This is problematic because geometric correspondences
need not be spatially local. The asymmetric approach removes this bias providing
a more uniform attention across possible position values.

The learned 0 parameter is randomly initialised using uniform initialisation between
0 to 0.5. It is left to future research to look into alternative initialisation strategies

and how this effects performance.

Fig. 5.4 shows the learned rotation frequencies. It is encouraging that the model
discovers a decay structure similar to the handcrafted schedule, despite being trained
without any explicit constraints. This behaviour aligns with the established research:
representing ray geometry requires a spectrum of frequencies, with higher-frequency
components capturing fine-grained variations and lower-frequency components cap-

turing broader spatial trends. The resulting learned decay therefore mirrors the in-
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tended multi-scale behaviour of classical positional embedding, providing evidence
that the learnt embedding parameters can autonomously recover a meaningful and

interpretable frequency structure.

There are also clear differences between the position (moment) and direction dimen-
sions, both in frequency decay and scale. This is expected, as the two quantities
encode different geometric information. Positional components span a broader nor-
malised range [0, 1], whereas direction vectors vary more subtly due to camera motion
constraints and overlapping fields of view. Consequently, the model allocates higher
effective frequencies to direction channels and lower ones to position channels. The
slightly sharper decay for direction likely reflects the finer rotational relationships

between neighbouring rays.

A key benefit of this method is it removes the manual hyper-parameter selection
process that is required for the handcraft method. We note that the ablation study
(Tab. 5.4) shows very similar performance between the method outlined in ( 5.7) and
the learnt method in ( 5.9). Due to the benefits of the learning-based method outlined

above we use this method for our proposed approach.

5.3.2 Asymmetric Rotations

Standard RoPE, originally developed for NLP, is designed to emphasise local inter-
actions by causing attention magnitudes to decay as the positional distance between
tokens increases [97]. While beneficial for sequence modelling, this behaviour is un-
desirable in 3D vision, where rays that are far apart in image space may still hold
important geometric relationships. To remove this distance-dependent attenuation,
we extend an approach taken in VRoPE [75]. We perform a shifted negative counter-
part of each positional component, ensuring that encoded magnitudes remain consis-
tent across the ray domain. This modification preserves RoPE’s rotational properties
while preventing the unintended decay in attention, making the embedding better

suited to ray-based scene representation. This can be expressed as:
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tT t 0
patch t- —t bShift
A% = = + : (5.12)
dt d 0
d- —d bsni ft

where P is the position vector for a given patch, with £ and d being the translation
and direction components of the ray respectively. The bgp; s is equal to 1 in our case,
as the position t and direction d values are normalised to have a maximum value of
1. In practice in the 6,4, the p dimension is actually twice the size of the original

position vector.

Fig. 5.5 shows a visual comparison of embedding rays with and without the asym-
metric positioning. For this comparison we take unit vectors for query and key tokens
and compute the attention score between them after the rotary ray embedding has
been applied. This is calculated for 3 images with different poses, with the attention
scores being normalised. Without the asymmetric positioning the attention score is
not uniform across the patches meaning it is biased toward rays near the query ray.
While the asymmetric positions provide a much closer to uniform attention across

the frames.

5.3.3 Architecture

The proposed model is based on the transformer architecture that has emerged as
a highly effective structure used in many recent works [112, 60, 109]. As seen in
Figure 5.6 our architecture is made up of an encoder and decoder. The encoder shown
in green in the figure, is a transformer that performs self attention across all input
patches from all cameras and modalities. The encoder performs patch embedding,
this embedding can be performed in a number of ways from a linear layer [60], to
a convolutional layer [112], or even a full transformer [109]. This patch embedding

is modality specific, as in each modality has it own specific embedder. The Ray
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Direction box calculates the ray that represents the centre of each patch, that is

required for RoRE.

The decoder starts with a set of query patches that are a learnt patch embedding based
of the modality of the patch that is being rendered. These patches are embedded
through RoRE to represent a specific patch of the rendered output from a given ray.
Cross-attention is performed between these patches and the output scene encoding
from the encoder. The decoder has a head specific for each of the output renders.
There are a few common choices for these heads, either a simple linear layer [60] or a
dense prediction transformer (DPT) head [89]. For our work we use DPT heads for

all modalities.

5.3.4 Masked Inputs

Masked input strategies have proven effective in recent vision research, particularly in
encouraging models to develop generalisable and semantically rich internal represen-
tations [49]. Inspired by this, we extend the idea further by applying both geometric
and modality masking within our framework. This allows the model to reason over
missing spatial regions and unseen modalities simultaneously, promoting a deeper

understanding of scene structure and cross-modal relationships.

We conceptualise our approach as a form of masked plenoptic autoencoding, where
input patches from multiple viewpoints and modalities are selectively masked during
training. The network is then tasked with reconstructing the missing information,
effectively learning the underlying plenoptic function that describes the scene across
views and sensor types. This formulation enables the model to interpolate spatially

and semantically across both viewpoints and modalities.

Due to the nature of ViT, which operate on discrete tokens which represent patches
rather than continuous rays, the model does not reason over individual rays directly.
Instead, each token represents a bundle of rays corresponding to the image patch being
encoded or rendered. Thus, masking a patch removes an entire bundle of directional

observations from a given viewpoint.
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Importantly, we do not impose explicit constraints or losses to enforce cross-modal
alignment. Rather, we rely on the reconstruction objective to implicitly encourage the
network to learn correspondences across modalities. When a modality or viewpoint
is masked, the model must infer the missing content using information from the

remaining views and sensor types, leading to emergent cross-modal understanding.

5.3.5 Training Strategy

The training procedure is designed to encourage the model to develop generalisable
representations across diverse viewpoints and sensor types. Each training sample
consists of a fixed number of context (input) images and a fixed number of target
(output) views, both sampled randomly from the same scene. For each target view,
the model is tasked with rendering all available modalities, such as RGB and thermal,
as well as predicting a corresponding depth map. This setup promotes consistency

across both spatial viewpoints and sensory channels.

To improve robustness and encourage modality-invariant learning, the context images
are randomly drawn from different combinations of modalities. During training, the
samples may be RGB-only, thermal-only, or mixed RGB and thermal inputs. This
randomised sampling strategy ensures the network is regularly exposed to asymmetric
input conditions, fostering the emergence of unified cross-modal representations and

improving its ability to reason jointly across heterogeneous inputs.

The spatial configuration of the input views is also varied, with different levels of
viewpoint overlap. This enables the model to learn from overlapping regions where
both modalities are present and to propagate this knowledge into regions where only
one modality is available. As a result, the model learns to infer correspondences

across modalities based on geometric cues and learnt correspondences.
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5.3.6 Loss Functions

To train the network, we employ a combination of photometric and geometric super-
vision. Specifically, the total loss function consists of two appearance-based losses

and one depth-based loss:

L= /\mseEmse + /\lpipsﬁlpips + )\depthﬁdepth' (513)

where L is the MSE loss between predicted and ground-truth RGB or thermal
reconstructions, and Ly, is the LPIPS, which captures higher-level structural and
semantic differences between the reconstructed and reference images. Both of these

losses are detailed in Equation 2.19 and Equation 2.23, respectively.

To enforce geometric consistency, we also include a depth loss, Lgeptn, defined as:

1 X . .
Laepth = N o ldi — di| + |Vd; — V], (5.14)
=

where d; and d; represent the ground-truth and predicted depths at pixel ¢, and V
denotes the spatial gradient operator. The loss combines both absolute depth error
and gradient-based smoothness, a formulation commonly used in monocular depth
estimation encourage accurate relative depth. This loss works well for bounded scene
e.g. indoors. If the method was being applied in scenes with large depth values e.g.
outside, there are other losses that could be applied which are resilient to the reduced

accuracy associated with larger depths.

The scalar weights Anse, Aipips, and Ageptn balance the contributions of the respective
terms. This multi-term loss encourages the model to produce reconstructions that
are both photometrically accurate and geometrically consistent, which is critical for

effective multi-view, multi-modal synthesis.
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5.4 Results

5.4.1 Datasets

This work makes use of a combination of real-world and synthetic datasets to eval-
uate performance across single-modality and multi-modality scenarios. The selected
datasets enable both comparison to existing state-of-the-art methods and controlled

analysis of cross-modal fusion.

To assess performance on real-world RGB-only data, we utilise two large-scale datasets:
RealEstatel0K [130] and DL3DV-10K [74]. RealEstatel0K consists of 10,000 video
sequences sourced from online real-estate listings, featuring a wide range of indoor
and outdoor environments. The dataset provides camera parameters and multi-view
RGB imagery, making it a widely adopted benchmark for novel view synthesis tasks.
DL3DV-10K is a similar dataset comprising 10,000 diverse scenes, with a broader
range of viewpoints and environmental variability. These datasets are employed ex-
clusively for RGB-based experiments. RealEstatel0OK is used for the quantitative
comparison in Table 5.1 and for qualitative analysis in Figure 5.10, while DL3DV-

10K contributes additional qualitative examples in the same figure.

For evaluating multi-modal performance, we use a custom Blender-based simulated
dataset that includes aligned RGB, thermal, depth and normal modalities. The
dataset was generated using BlenderProc [26], with additional modifications to simu-
late thermal imaging. In total, the dataset contains 3915 training scenes and 100 test
scenes. Fach scene is rendered from 40 distinct camera poses, capturing all modal-
ities, resulting in 120 images per scene (40 per modality). Complete intrinsic and

extrinsic calibration is available for every view.

Scenes are procedurally generated to ensure diversity. Each room is assigned a ran-
dom layout and populated with 3D assets from the ShapeNet dataset [10]. Surface
appearances are randomly textured using CCO-licensed materials ! for floors, walls,

and objects, resulting in realistic and diverse visual variation across the dataset.

https://ccO-textures.com/
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Simulated data is employed for several practical and methodological reasons. First,
it removes the burden of manual annotation while providing precise ground truth for
depth and geometry, which is essential for evaluating cross-modal learning. Second,
the procedural generation process enables the creation of large-scale, diverse datasets
without the need for extensive physical data collection. While simulation does not per-
fectly replicate all real-world effects, the dataset serves as an effective and controlled
environment for validating the proposed framework’s ability to learn multi-modal
correspondences and geometry. This dataset is used throughout all multi-modal ex-

periments presented in this chapter.

5.4.2 Baselines

For validating our relative ray-based embedding method we compare to methods
of novel view synthesis that perform positional embedding in different ways with
different information: LVSM [60] which is an absolute positional embedding only
method. GTA [81] which using both ray based absolute embedding and their relative
encoding of camera extrinsics; and finally concurrent work PRoPE [71], which embeds
their own camera base absolute embedding and a modified GTA relative embedding
that also embe camera intrinsics using a projection matrix. All methods including
ours use the exact same model architecture keeping all parameters the same except for

varying the embedding method. These baselines are used for the RGB-only results.

We are unaware of any existing alternative feedforward multi-modal models, as such
we do not perform direct comparisons to existing methods. For our multi-modal
approach instead we show different operating modes to characterise its performance.
We evaluate reconstruction quality using PSNR, SSIM, and LPIPS for both RGB and
thermal outputs, noting that perceptual metrics such as LPIPS were not originally
designed for thermal imagery and therefore cannot be directly compared to their RGB

counterparts.
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5.4.3 Implementation Details

Two distinct model configurations are used throughout our experiments to accommo-
date the different evaluation settings: one for benchmarking against the state-of-the-

art LVSM [60], and another for the proposed multi-camera, multi-modal framework.

RGB-Only Comparison Configuration: For experiments involving direct com-
parison to LVSM, we adopt the standard configuration used in the original imple-
mentation. Specifically, we replicate their use of Pliicker ray representations and
maintain architectural parity to ensure a fair evaluation. All hyperparameters and
training protocols follow those reported in the LVSM public code repository. This

setup is used exclusively in the experiments presented in Table 5.1.

Multimodal Configuration: For all other experiments, including the evaluation
of our proposed approach on multi-modal, multi-camera inputs, we use a dedicated
configuration tailored for generalised scene understanding. The scene encoder is based
on a ViT-Large backbone, while the decoder uses a ViT-Base architecture. Ray ge-
ometry is embedded using the plenoptic representation, as described in Section 5.3.1,
patches are embedded using a single convolutional layer and predictions are generated

using DPT heads [88, 89] for all output modalities.

A full overview of the hyperparameters and architectural settings used in the multi-

modal configuration is provided in Table A.1.

5.4.4 RoRE Embedding

To validate the impact of our embedding, we replace the original pose encoding in
LVSM with our proposed Relative Ray-based embedding and assess both convergence
behaviour and qualitative reconstruction performance. The convergence is plotted in
Figure 5.7. It is observed adding that adding our RoRE embedding improves the
PSNR performance.
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Tab. 5.1 reports novel view synthesis results on RealEstatel0K and DL3DV. All
models are trained on RealEstatelOK, with evaluation on the same dataset reflecting
in-domain performance, and DL3DV providing an unseen but closely related test set.
Across both datasets, the methods achieve broadly comparable results: PRoPE per-
forms slightly better on the training domain, while LVSM is marginally lower. While
these results do not highlight a clear advantage for our method, they establish that
RoRE remains competitive on standard benchmarks, with its benefits becoming more
evident in settings that require greater generalisation, as demonstrated in subsequent

experiments.

Varying Intrinsics. We evaluate robustness to changes in camera intrinsics by
varying the focal length of target and query images through cropping, with randomly
chosen magnification of up to 3. This experiment was conducted without retraining
the models. As shown in Tab. 5.2 and Fig. 5.8, methods with stronger representa-
tion constraints, such as GTA and PRoPE, fail to adapt. In contrast, LVSM and
our RoRE handle these variations effectively, with RoRE consistently outperforming
LVSM. While PRoPE can address this case with additional training, our results high-
light the inherent advantage of ray-based embeddings, which are naturally invariant

to changes in intrinsics.

Distorted and Fisheye Inputs. We next test robustness to non-perspective inputs,
using (i) perspective images from RealEstatel0K with added barrel distortion and
(ii) native fisheye images from FIORD as shown in Tab. 5.3 and Fig. 5.9. Distorted
inputs are paired with perspective queries, and all evaluations are conducted without

retraining.

Our method demonstrates consistently stronger generalisation than competing ap-
proaches, outperforming LVSM by over 1 dB in PSNR, while GTA and PRoPE fail
due to the absence of explicit ray-direction encoding. The fisheye case is particularly
relevant, since rectification would reduce field of view; RoRE can handle these inputs

directly, capturing the global distortion, though some local inaccuracies remain.

Discussion. These results reflect the differing representational biases of the meth-

ods. PRoPE uses a constrained, camera-specific formulation based on projection-
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Figure 5.7 — Comparing PSNR performance during training for LVSM and
LVSM+RoRE. This supports that adding the RoRE embedding to LVSM improves

reconstruction performance.

Table 5.1 — Novel view synthesis results. Results from RealEstatel0K (training
domain) and DL3DV (unseen but similar domain). All methods perform compara-
bly, with LVSM performing marginally worse and PRoPE performing marginally
better. Method marked with { represents concurrent work.

Method RealEstatel0k DL3DV Iteration Time
PSNR(1) SSIM(t) LPIPS({) ‘ PSNR(T) SSIM(1) LPIPS({) ‘ Seconds
LVSM 26.18 0.076 19.48 0.604 0.281 1.287
GTA 26.74 0.069 19.55 0.614 0.281 1.647
PRoPEf 26.81 0.068 19.68 0.620 0.278 1.454
RoRE (ours) 26.65 0.070 19.77 0.619 0.279 1.326

matrix relative encodings, which aligns well with conventional perspective data such

as RE10K. GTA imposes an even more restricted variant based in the extrinsics.

RoRE, by contrast, encodes full rays and learns multi-dimensional frequency inter-

actions, resulting in a more expressive and geometry-agnostic representation. This

flexibility leads to substantially stronger generalisation under intrinsics changes, dis-

tortion, and fisheye inputs (Tables 5.2, 5.3). However, its less constrained embedding

space can yield slightly lower performance on tightly scoped perspective datasets such

as RE10K and DL3DV (Table 5.1).
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Table 5.2 — Quantitative evaluation under varying focal lengths. Models are
tested without retraining by cropping target and query images to simulate changes
in camera intrinsics. Methods with stronger representation constraints (GTA and
PRoPE) fail to adapt, while LVSM and RoRE remain robust. RoRE consistently
outperforms LVSM, demonstrating the advantage of a relative ray-based embed-
dings for generalisation across intrinsics variations.

Method RealEstatel0k DL3DV

PSNR(1) SSIM(1) LPIPS({) ‘ PSNR(1) SSIM(1) LPIPS({)
LVSM 21.95 0.744 0.219 19.86 0.653 0.349
GTA 14.81 0.523 0.459 14.47 0.469 0.564
PRoPE 14.71 0.516 0.486 14.28 0.454 0.617

RoRE (ours)  22.66 0.770 0.211 20.31 0.678 0.335

Input Images LVSM GTA PRoPE RoRE Ground Truth

Figure 5.8 — Varying intrinsics in scene. When the camera intrinsics vary within
a scene without any additional training, we see both GTA and PRoPE fail to
interpret the new cameras. The authors of PRoPE show that with training PRoPE
is capable, however RoRE natively understands this, without additional training.

Although we were unable to train either model to full convergence due to computa-
tional resource constraints, we observe that our 6D-Ray RoPE variant demonstrates
faster convergence during the first 12,000 iterations. This suggests that our embed-
ding enables the model to more effectively learn spatial relationships early in training,
likely due to the relative embedding nature of RoPE. Given prior evidence of im-
proved performance from similar embeddings in 2D applications, and based on these
early-stage trends, we have strong reason to believe that with sufficient compute our

method would also yield higher absolute performance upon full training.

In addition to the convergence analysis, we present qualitative results on masked in-
puts for the RealEstatel0K and DL3DV-10K datasets using RGB-only to demonstrate

is capabilities degraded inputs. These are shown in Figure 5.10. The examples shown
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Table 5.3 — Quantitative evaluation on distorted and fisheye inputs. Barrel-
distorted RealEstatel0K images and native FIORD fisheye images are used as
inputs without retraining. RoRE generalises robustly to both cases, while GTA
and PRoPE fail due to the absence of explicit ray-direction encoding.

Method Distorted RE10K Fisheye FIORD
PSNR(1) SSIM(T) LPIPS({) ‘ PSNR(1) SSIM(1) LPIPS({)
LVSM 21.99 0.725 0.142 22.52 0.732 0.310
GTA 18.58 0.605 0.188 11.64 0.456 0.596
PRoPE 18.57 0.605 0.188 11.90 0.408 0.673

RoRE (ours) 23.96 0.802 0.124 23.55 0.746 0.284

LVSM GTA PRoPE RoRE Ground Truth

Distorted

Fisheye

Figure 5.9 — Qualitative results on distorted and fisheye inputs. RoRE pre-
serves scene structure under both barrel-distorted perspective images (top) and
native fisheye images (bottom), whereas competing methods produce severe arte-
facts or fail to reconstruct meaningful views.

here are typical of the training inputs where input images are partially masked to en-
courage cross-view completion. The reconstructions demonstrate high visual fidelity
across input scenes, confirming the practical applicability of our embedding even in
standard monocular RGB settings. These results further support the case that our
ray-based encoding provides a general and robust representation for capturing camera

pose and geometry in transformer-based view synthesis frameworks.

Ablation Study: We ablate different components of our method, shown in Tab. 5.4.
Firstly, the learnt frequencies refers to the method outlined in Sec. 5.3.1. The method
without it refers to the process outlined in Eqn. 5.7. Asymmetric refers to the method
outlined in Sec. 5.3.2. Including asymmetric positioning provides a modest increase to

performance. Using learned frequencies yields performance comparable to the hand-
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Table 5.4 — Ablation study on RE10K. The study shows adding the relative embed-
ding in any form improves the performance. The asymmetric positioning provides
another modest improvement to performance. Applying the learnt frequency pro-
duces identical results but as stated provides a more general approach. RoRE
performs similarly whether the additional absolute embedding is applied or not.

Absolute Emb. Relative Emb. Learnt Frequencies Asymmetric PSNR(1) SSIM(1) LPIPS({)

26.18 0.834 0.076
26.56 0.843 0.071
26.65 0.845 0.070
26.57 0.842 0.072
26.65 0.843 0.070
26.65 0.845 0.070

RN
ANENENENE
ANENENESRESES
ANENESIE NSRS

crafted schedule. However, we note that this formulation is a more general solution
that removes the need for additional hand tune parameters and handcrafted elements,
for this reason our proposed method utilises these learnt frequencies, as they do not

impact performance or inference time.

Since the RPE is separate and complements the APE we can use any combination
of the embedding methods. The study demonstrates that the performance boost
comes from using the RPE compared to the APE. Including both the performance is
roughly the same, this is an indication that the network relies on the most appropriate
embedding information. Our relative embedding method could work without the
absolute embedding, however we do include it in the other experiments as it does

show a slightly higher SSIM score.

5.4.5 Multi-Modal Reconstruction

Having validated the effectiveness of our ray-based positional embedding on single
modality inputs, we now evaluate the full multimodal network using RGB and thermal
imagery. While our architecture differs slightly from the state-of-the-art LVSM model,
it maintains a similar high-level design, adapted to handle multi-camera, multi-modal

input directly within a unified framework.

Our method produces a single model capable of operating with three distinct input

configurations: RGB-only, thermal-only, and combined RGB-thermal. This flexibil-
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Predicted  Ground Truth Input Predicted  Ground Truth
Images Images Images Images Images

RealEstatel0K DL3DV-10K

Figure 5.10 — Reconstruction results on the RealEstatel0K and the DL3DV-10K
Datasets. Here is a typical training sample where input images are masked and
multiple frames are rendered from different view points. The rendering results
show high quality reconstruction on both datasets.

ity enables deployment across a wide range of sensing scenarios without requiring

separate models or retraining for each modality combination.

Quantitative and qualitative results are presented in Table 5.5 and Figure 5.11, re-
spectively. The network demonstrates stable performance across all modalities, with
depth estimates remaining consistent regardless of input type, demonstrating its abil-
ity to generalise across different sensing configurations. In particular, reconstruc-
tions from RGB-only and RGB+thermal inputs show slightly improved quality over
thermal-only, which is expected given the higher information density in RGB images
compared to thermal. For single-modality inputs, the network renders novel views

using only the provided modality.
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Figure 5.11 — Qualitative results from the multimodal network. Inputs are from
two poses, P; and P», while rendering is from a third pose Ps. Showing three
different modes of operation, RGB-only, both RGB and thermal, and thermal-
only. This shows that the model is able to output high quality reconstructions in
all three operating modes, importantly the depthmaps shown are consistent across
the different input modalities.

As shown in Figure 5.11, the model produces high-fidelity reconstructions and depth
maps in all three operating modes. The consistency of the depth outputs across input
configurations indicates that the network has successfully learnt cross-modal corre-
spondences and is capable of leveraging both shared and modality-specific features in

a coherent spatial representation.

While we report LPIPS scores for thermal image reconstructions, it is important to
acknowledge that the LPIPS metric was originally developed for evaluating perceptual
similarity in RGB imagery. As such, its application to thermal images which lack

colour channels and have significantly different texture and contrast characteristics
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is not fully aligned with the metric’s intended use. Consequently, LPIPS values
for thermal images should not be interpreted or compared directly with those from
RGB reconstructions. Nevertheless, we include these scores as they remain useful
for assessing relative performance between thermal reconstructions across different

experimental conditions.

To further assess the capabilities of the proposed multimodal network, we evaluate
its performance across three distinct input configurations involving two cameras—one
RGB and one thermal. Specifically, we explore: (i) partial overlap between the fields
of view of the two modalities, (ii) no overlap between them, and (iii) rendering in
regions completely outside the field of view of both cameras. These test cases are
designed to investigate the model’s ability to learn cross-modal correspondences, rea-
son spatially beyond direct observation, and assess the limits of generalisation in the

absence of visual information.

In the first case, where partial overlap exists between RGB and thermal inputs, the
network is tasked with completing scene content that is only partially observed in
one modality but fully captured in the other. Results for this condition are shown
in Figure 5.12. We observe that the network successfully completes objects that are
truncated in one view by using information from the other. For instance, in the RGB
view, the green chair is only partially visible, but the predicted RGB output recon-
structs it in full by borrowing geometric cues from the corresponding thermal input.
Similarly, in the thermal prediction, the chair structure is completed using informa-
tion from the RGB modality. When objects are observed by only a single modality;,
the geometry remains structurally plausible; however, photometric consistency de-
grades, for example, the red chair is reconstructed with incorrect colouration in the
rendered RGB image. Despite these photometric inconsistencies, depth estimation

remains stable and structurally coherent and accurate.

One point of interest is Figure 5.12 (b) where the floor has been filled with the brick
texture observed in the input image, however it has been applied at the incorrect
angle. The other point of interest is the transparency of the green chair. The chair is

slightly transparent, however this transparency is more pronounced in the rendering.
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Input Images Predicted Images Ground Truth I'mages
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Inset
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Figure 5.12 — Partial overlap of input images at two positions P, and P». (a) RGB
Input with green chair is only partially in frame, (b) Predicted RGB shows a com-
pleted green chair using the shape from thermal, (c) RGB ground truth shows the
chair is constructed well, however the red chair is the wrong colour. (d) Thermal
input shows chair mostly out of frame, (e) thermal predicted image with a com-
pleted chair using information from RGB, (f) thermal ground truth shows the chair
has been completed well, the dresser in the background has been predicted with
plausible structure but incorrect temperature similar to the chair in RGB.
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Input Predicted Ground Truth
Images

Images Images

(b)

L

Figure 5.13 — No overlap between inputs, a RGB image at P; and thermal image
at P5. (a) shows the predicted thermal image from the view of P;, due to no
thermal information being provided here the photometrics are incorrect, however
the structure is correct. The floor and walls have been correctly identified from the
thermal input image. (b) shows the predicted RGB images from the view of P,
the same situation is observed, the photometrics are generally wrong except the
walls and floor.

m
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The second scenario considers the more extreme case of no overlap between the input
modalities, with RGB and thermal images captured from entirely separate viewpoints.
The results are presented in Figure 5.13. Interestingly, the network still reconstructs
plausible scene geometry. Large scale background elements such as walls and floors
are inferred correctly, likely because these surfaces exhibit consistent appearance and
layout throughout the scene. This suggests that the model has learnt to generalise
spatial priors even across modality boundaries. As in the partial overlap case, photo-
metric predictions are unreliable when the modality is not observed at the rendering
viewpoint—for example, the predicted thermal image from an RGB-only viewpoint
lacks accurate intensity vales. However, structural predictions remain valid, and the

depth output continues to perform robustly by falling back to monocular depth cues.

Finally, we evaluate the out-of-scope case, where neither modality observes the ren-
dered viewpoint. As shown in Figure 5.14, the model degrades under this condition.
While photometric reconstructions become blurry and semantically nonsensical, the
predictions still retain coarse structural elements such as the general colour and shape
of walls and floors. However, fine-grained detail and texture are entirely absent, as
expected in the complete absence of visual input. This behaviour indicates that while
the model can interpolate between known views, it lacks the capacity to hallucinate
plausible content beyond the visual hull defined by the input. This may or may not

be desirable depending on application.

A note on the SSIM, it is observed that RGB consistently has a lower scores than the
thermal, we postulate this is due to RGB having more complex texture to estimate

compared to thermal.

5.4.6 Multi-Camera Reconstruction

To evaluate the scalability and generalisability of our multimodal transformer frame-
work, we examine its performance under varying numbers and combinations of input
images. Unlike previous models that assume a fixed number or modality of inputs,

our architecture is designed to accept any number of camera views, comprised of any



121

5.4 Results

88V'6 765 1L GL6'0 1200 6700 891°0 970 7€5°0C 8120 L6%°0 916'C% (Teutzeyy-T ‘gHYU-G) 9
€07 67 $2G 0L 6L6'0 1200 870°0 9810 79270 602°1¢ €220 0670 0£L°T¢ (Tewoyy-g ‘goHY¥) 9
I§aid 1€S°0L GL6'0 1200 6700 I6T°0 1LL°0 08S°1¢ 1€2°0 0870 60722 (Teuzeyy-¢ ‘gOU-€) 9
69567 ISV 1L TL6'0 1800 0500 9¥1°0 LLLO 628°1¢ 1720 6970 €10°2¢ (rewsoysy-¥ ‘goHY-z) 9
9876V T1C 1L 1.6°0 ¢c0°0 160°0 err o €8L°0 ¢80°¢Ce 69¢°0 1e7°0 L26°0¢C Cﬁm:mﬁ-m rmwm-d 9
6V2° 7S 995°G6 6.6'0 6100 7500 ov1°0 €8L°0 Y0128 €22°0 06%°0 L9LT% (rewsoyy- ‘goY-¥) 8
TSI TV 687'LT 996'0 2T0'0 €200 19T°0 86L°0 800'TZ 9720 €970 164°1¢ (Tewoyy-g ‘goHY-2) ¥
299°0¥% €6V'LE 896°0 9200 2900 I8T°0 8€L°0 890°02 082°0 8170 0L%'02 (Teuzeyy-T ‘gOYU-T) ¢
206'7E zIeve 6060 9€0°0 00T°0 q1z0 0040 019'ST - - - (rewzoyy-T) T
€1g°Ge eIv'Ge 626°0 €00 780°0 - - - 10€°0 96€£°0 8€L'61 (go¥-1) 1
sw s Ve Maswya Meusqy - (MsdidT  (Dwiss  (DUNSd  (MsdidT  (WIss  (L)UNsd soew] JoqunN
QWILT, OP0OO9(]  OWIL], 9pOdUH doaq [euwroy I, aoy

‘sogewt gndurt o) JO UOIIRINSYUOD
Ayrepout o) 03 S[(IXaf SI [opOW oY} A[[RUOI}IPPY "SOLIIOW [[® sSOIoR ‘@oueuriofad pasoidwl 03 Spes] YOIM UOI)RULIOJUT
9IOWL YJIM YIOMIOU oY) sopraold sourerj ndur Jo Isquuinu o) SuUseaIoU] ‘sogewll jndul Jo SUONeINSHUOD JUSISPI(] — 9°G d[qel,

6560 L300 G900 €51°0 0LL°0 T99°'1C - - - [eULIDY}-[RULIOY}
7960 200 090°0 gL10 WL O 187°0¢ Al LSV0 V61 1C [euLioy)-q 31
G960  ¥50°0 090°0 - - - 8120 7190 G66°CT q81-q31
e Maswya  Mreysqy - (DsdidT  (ass  (WUNsd - (DsdidT  (WWISs  (HDUNSd
sodew] jnduy
yideq [euoy T, aoy

‘syuow)snlpe Aue jnoyim suoreIngyuod
senyrepow Jndut jo agued e 3doode 0] d[qe SI [oPOW J[IUIS SIY) 1B} 99S 9A\ "SoI}I[epOW INdUl JUSISHIP JO uosLredwo)) — G*G 9[qe],



5.4 Results 122

Predicted G’round Truth
Images Images

n. e
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Figure 5.14 — Rendering out of the scope of the input images with RGB input at pose
P, and Thermal input at pose P». The Predicted images at pose P3 which is out
of frame of the both input images shows a significant degradation and smoothing
as it goes out of frame. The walls are partially guessed correctly.

mix of RGB and thermal modalities, only maximally constrained by available memory

and compute at inference time.

We conduct two main experiments to explore this flexibility, with results summarised
in Table 5.6. In the first experiment, we vary the number of input images, using an
equal split of RGB and thermal modalities (e.g., 1 RGB and 1 thermal up to 4 RGB
and 4 thermal images). In the second experiment, we fix the total number of input
images to six and vary the modality ratio, altering the number of RGB versus thermal

images to investigate how modality dominance affects reconstruction quality.

We observe that increasing the number of input images improves both the quality of
rendered photometric views and the accuracy of depth estimates. This is consistent

with expectations, more viewpoints provide the network with greater coverage of the
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scene and improved geometric constraints. As the number of inputs increases, we see
more complete and coherent reconstructions, with reduced artefacts and improved

consistency in depth predictions.

When varying the modality composition while keeping the total number of images
constant, the results follow understanding, increasing the number of thermal inputs
improves the fidelity of thermal reconstructions but slightly degrades RGB predic-
tions, and vice versa. This reflects the model’s ability to use the additional informa-
tion of a given modality. Interestingly, depth estimates remain relatively consistent
across modality mixes, although slightly better performance is observed when RGB
images dominate. This is likely due to the higher spatial resolution and texture in-
formation in RGB inputs, which provide stronger cues for depth inference, a trend

also reflected in Table 5.5.

These results confirm the model’s ability to flexibly integrate information across ar-
bitrary camera configurations. This allows for investigation of how camera numbers
and modality balance can influence performance when deployed in specific sensing
environments. See Section A.2 for additional figures showing qualitative results of

multi-camera inputs.

5.4.7 Masked Inputs

The use of masked input tokens during training enables the model to develop resilience
to partial occlusions and missing data at inference time. By learning to reconstruct
scenes from incomplete information, the network becomes inherently robust to sce-
narios where certain portions of the input imagery are unavailable or corrupted. This
design is particularly valuable in real-world deployments, where sensors may be par-

tially obscured by environmental factors such as dirt, water, or glare.

To evaluate this robustness, we progressively increase the percentage of masked input
tokens during inference and observe the model’s reconstruction and depth estimation

performance. Quantitative metrics are reported in Table 5.7, and qualitative results
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Table 5.7 — Masking multi-modal input images progressively from 0% to 90%. This
table shows that the model is resilient to the loss of information. Importantly the
depth prediction is still reliable even after a significant level of masking, compared
to the 0% masking case.

Mask RGB Thermal Depth
PSNR(1) SSIM(f) LPIPS(J) PSNR(f) SSIM(f) LPIPS()) AbsRel(}) RMSE() 4d1(1)
0% 21.494 0.457 0.254 20.481 0.744 0.172 0.060 0.025 0.964
10% 20.875 0.435 0.269 20.021 0.734 0.181 0.063 0.025  0.962
30% 19.612 0.379 0.303 18.933 0.707 0.205 0.067 0.027  0.957
50% 18.287 0.312 0.350 17.755 0.674 0.239 0.076 0.031  0.945
70% 16.913 0.249 0.409 16.367 0.632 0.286 0.105 0.042 0.884
90% 14.902 0.192 0.496 14.183 0.560 0.366 0.207 0.082 0.537

are shown in Figure 5.15. As expected, performance degrades with increasing lev-
els of masking; however, the degradation is gradual and surprisingly modest up to

significant levels of occlusion.

At 10-50% masking, the model retains high-quality reconstructions and stable depth
predictions. For example, even with 50% of the input patches masked, key scene
elements, such as the black box on the bottom shelf remain accurately reconstructed.
A more noticeable drop in performance occurs at 70% masking, where some finer scene
details disappear from the reconstructions, and quantitative metrics show a clear
reduction in image fidelity and depth accuracy. Nonetheless, the network manages
to predict plausible global structure and generate depth maps that remain broadly

consistent with the ground truth.

These findings highlight the model’s strong capacity for geometric reasoning under
partial observability. We believe its ability to perform scene completion using sparse
visual input is a consequence of operating in ray or patch space, where each token
carries spatial and directional information that facilitates structural inference. This
stands in contrast to models that rely on full image input, which may degrade more
rapidly under occlusion. In practice, this capability suggests strong resilience in
adverse conditions, such as cameras partially blocked by mud, debris, or from glare
or lens flares, so long as a mechanism exists to identify the visible patches. The
network naturally handles such cases without modification, making it particularly

well-suited for deployment in unstructured or unpredictable environments.
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Figure 5.15 — Reconstruction results with increasing levels of masking. Visually the
reconstruction maintains a high quality even at 50% masking. The network has an
impressive ability to predict scene geometry using heavily masked inputs.
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Figure 5.16 — Qualitative results on the ThermalGaussian dataset [79]. The
model generates consistent RGB-thermal renderings without additional training.

5.4.8 Real-World Thermal Results

Fig. 5.16 shows qualitative renderings on the ThermalGaussian dataset [79]. Due to
the dataset’s limited size, we evaluate via inference only. The results demonstrate
that the model can process real-world RGB-thermal inputs and produce accurate
renderings, even in environments different from the training domain, highlighting its
potential for real-world deployment. Some edge effects are present when rendering
beyond the spatial extent of inputs; for instance, the truck cabin is extrapolated using
nearby visual information. While performance is promising, a simulation-to-real gap
remains, we hypothesise, due to differences in scene type, motion, and simulated

thermal fidelity, representing an important avenue for future work.

5.4.9 Training and Inference Time

As with most transformer-based architectures, training our multimodal reconstruction
model demands substantial computational resources and time. The model used to
produce the results presented in this chapter was trained over the course of three
days using two NVIDIA RTX 6000 Ada GPUs. While additional training time and
larger-scale datasets could further refine performance, the current setup was sufficient

to validate the model’s key capabilities and draw the conclusions reported above.
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Further scaling is unlikely to significantly alter the observed trends in modality fusion,

generalisation, or robustness.

Inference timing results are presented in Table 5.6. We observe that encoding time
increases non-linearly with the number of input images, owing to the quadratic com-
plexity of self-attention. As the number of input views and thus tokens increases, the
number of attention comparisons grows rapidly due to the fully connected nature of
self-attention operations. In contrast, rendering time increases only marginally with

additional inputs.

Despite the resource demands, the system is capable of performing real-time render-
ing at approximately 20 frames per second on a single RTX 6000 Ada GPU. This
makes the model practical for a range of interactive or time-sensitive applications,

particularly in robotics, where frame-rate responsiveness is often critical.

The ray-based positional embedding mechanism employed in this model relies on a
RoPE process to be applied multiple times per transformer layer. The 2D version of
RoPE used in DUSt3R for instance, was implemented in CUDA for efficiency, while for
our RoRE;, it was implemented in Python. A CUDA reimplementation of our version
RoRE would likely offer substantial training and inference speed improvements as

approximately 30% of the time per iteration is currently used for RoRE layers.

5.4.10 Energy Usage

The development and training of large-scale machine learning models require signifi-
cant computational resources, which in turn consume substantial amounts of energy.
In light of increasing concerns about the environmental impact of artificial intelligence
development, it is important to acknowledge and transparently report the energy foot-
print of such work. This is particularly relevant when research is conducted in regions
where the energy grid remains predominantly powered by fossil fuels, as is the case

in Australia.

To support transparency and promote awareness around sustainability in the field,

we tracked the total energy consumption associated with the experiments and model



5.5 Discussion and Future Work 128

Table 5.8 — Energy consumption during model development and estimated equivalent

emissions.
Metric Estimate
Total Energy Used 2554 kWh
COz2-equivalent emissions 1402 kg
Equivalent vehicle distance driven 11,685 km

Equivalent household energy usage 200 days

development presented in this chapter. Energy usage was monitored using the open-
source CodeCarbon Python package [22], which estimates both energy consumption

and associated carbon emissions based on hardware usage and local grid intensity.

Table 5.8 summarises the estimated energy usage during the course of this work. A
total of 2554 kilowatt-hours (kWh) were consumed, resulting in an estimated 1402
kilograms of carbon dioxide (CO;) emissions. To contextualise these figures, we
provide equivalent estimates: this is roughly equal to driving an average petrol vehicle
for 11,685 kilometres?, a distance nearly equivalent to the diameter of the Earth at
the equator (approximately 12,742 km). It is also comparable to around 200 days of

typical household electricity usage based on personal consumption data.

We encourage the broader research community to adopt similar practices for tracking
and reporting energy use. Doing so is a first step toward more ethically and envi-
ronmentally responsible Al research, and contributes to ongoing discussions around

sustainability, efficiency, and the societal costs of large-scale machine learning.

5.5 Discussion and Future Work

In this chapter, we presented a transformer-based framework for multi-camera, multi-
modal scene understanding, capable of integrating information from heterogeneous
sensors in a geometrically consistent and spatially aligned manner. The system oper-
ates in a feedforward fashion and generalises across varying numbers and combinations

of input cameras, modalities, and viewpoints. By working in ray space and leveraging

2Estimated using a value of 0.12 kgCO, per kilometer, which is the average car according to the
European Environment Agency
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a novel positional embedding scheme, the model constructs a unified scene represen-

tation without requiring handcrafted fusion strategies or modality-specific design.

We evaluated the quality of fusion indirectly through novel view synthesis and depth
estimation tasks, using reconstruction accuracy and depth consistency as proxies for
the coherence of the internal representation. While not an explicit metric of fusion
quality, this approach provides a strong indication that the network has successfully

aligned information across modalities into a shared understanding of the scene.

This work represents a significant step toward the long-term goal of plug-and-play,
camera-agnostic vision systems, where diverse sensor arrays can be deployed without
the need for specialised retraining or fusion pipelines. Although our experiments
were limited to simulation and focused on just two modalities, RGB and thermal,
this configuration already offers practical benefits, such as enhanced robustness in
scenes with occlusion or reduced visibility. The framework is inherently extensible,
and could be adapted to incorporate additional modalities (e.g. depth, event, or

hyperspectral cameras) depending on the application domain.

Consider, for example, a field-deployed agricultural robot that uses RGB and ther-
mal cameras to monitor crop health. A new low-cost multispectral sensor becomes
available, promising improved detection of early-stage plant stress. Traditionally,
integrating this sensor would require significant engineering effort: building a new
dataset, calibrating the new modality, designing a fusion pipeline accommodate the
new data stream. With our framework, the process could be far simpler. The robot
could be equipped with the new sensor, its pose and intrinsics measured, or inferred,
and data from it immediately integrated into the existing model using the same self-
supervised masking and ray-based reasoning strategy. No paired ground truth or
fusion heuristics would be required. This flexibility lowers the barrier to sensor inno-

vation, enabling more rapid deployment of emerging hardware in real-world systems.

The ability to reason jointly over multiple camera views and sensor types has im-
portant implications for autonomous systems operating in complex environments,
such as underwater inspection, firefighting and infrastructure monitoring. These do-

mains often require multi-modal sensing for safety, reliability, or performance, and
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our method offers a pathway for integrating such sensors into a common spatial rep-
resentation. Furthermore, the scene representations produced by the model can serve
as inputs to downstream tasks such as cross-modal change detection, semantic clas-
sification, or navigation, particularly in cases where multimodal context is essential

for disambiguating scene content.

Looking forward, several avenues for future research emerge:

e Transition from simulation to real-world multimodal datasets, to assess gener-

alisation and robustness under real sensor noise and hardware constraints.

e Expand the set of supported modalities, including depth, event, or hyperspectral

sensors, to enable richer environmental understanding.

e Evaluate performance on downstream tasks, such as classification, semantic

segmentation, or change detection in multi-modal domains.

e Integrate with the NOCaL framework (Chapter 3) to enable joint learning of
camera intrinsics and extrinsics, providing a complete end-to-end system from

calibration to scene understanding.

Overall, this chapter marks a meaningful advance toward automated, cross-modal
camera integration, furthering the goal of removing barriers and making it easier to
deploy cameras with less human intervention, which leads to robust vision systems
that operate in all environments, from a robotic vacuum in your home to a lunar rover.
By fusing information across modalities and viewpoints into a single representation,
this work contributes to the broader goal of enabling intelligent systems that can
perceive and reason reliably today, while future-proofing for integration with the

cameras of tomorrow.



Chapter 6

Conclusions and Future Directions

“The important thing is not to stop questioning.”

— Albert Einstein

In the preceding chapters, we introduced three complementary methods that address
distinct challenges in the deployment of camera systems, spanning calibration, geo-
metric adaptation, and multi-modal integration. This final chapter provides a concise
summary of the thesis contributions in context with the broader goals and explores

several promising directions for future research.
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6.1 Summary

In this thesis, we addressed key challenges in deploying computer vision systems
across diverse and often unconventional camera configurations. Specifically, we tar-
geted three major barriers to flexible and robust vision system deployment: camera
calibration, architectural adaptation to new sensor geometries, and the integration of
heterogeneous multi-camera sensor data. These challenges are pervasive in robotics
and autonomous systems where the sensing platform may vary dramatically in terms

of optical properties, geometric layout, and environmental constraints.

We began in Chapter 3 by addressing the problem of monocular camera self-calibration
in unconstrained environments. Recognising the burden of traditional calibration
routines and the scarcity of labelled data in real-world scenarios. We introduced NO-
CalL, a semi-supervised framework that jointly learns intrinsic and extrinsic camera
parameters alongside odometry. Leveraging the geometric structure of light fields and
a pretrained hypernetwork-based renderer, NOCaL enables learning from unlabelled
video sequences with minimal motion labels. At the time of publication, this work
represented a step forward in using LFNs for real-world task, enabling self-calibration,
it showed improved performance compared to the state-of-the-art unsupervised alter-
native [129]. This contribution showed that self-supervision from light field rendering
could produce competitive odometry and calibration results without requiring known
camera models. This represents a small step towards the vision of online calibration

of deployed sensors where recalibration is difficult or impossible.

Building on the need for geometric adaptability, Chapter 4 introduced RectConv, a
novel convolutional layer that modifies the sampling behaviour of CNNs to account
for image distortion directly during inference. Rather than retraining networks or
rectifying input images, which can be computationally expensive and information-
ally destructive, RectConv adjusts the convolutional sampling grid based on the in-
put camera’s calibration model. We demonstrated the effectiveness of this approach
across segmentation and detection tasks on wide-FOV imagery, showing improved

performance with minimal overhead. This contribution provides a practical tool for
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deploying existing, pretrained models across diverse imaging geometries without the

cost of retraining.

Finally, Chapter 5 explored the integration of multi-camera, multi-modal vision sys-
tems. These systems promise richer scene understanding by combining sensors such
as RGB and thermal, but they introduce significant fusion challenges. We presented
a transformer-based architecture that uses a novel ray-based rotary embedding to
encode both viewpoint and modality information into a unified geometric space.
Through masked, cross-view rendering tasks, the model learns correspondences across
sensor types without requiring explicit alignment or manual fusion strategies. We val-
idated this design in simulations across multiple fusion scenarios, demonstrating its
ability to generalise across modality combinations and spatial configurations. This
work lays the foundation for robust, modality-agnostic visual understanding in com-

plex environments.

Across these three contributions, we demonstrated a consistent philosophy: that
camera-aware geometric reasoning in ray space, coupled with modern machine learn-
ing architectures, enables more flexible, adaptable, and robust computer vision pipelines.
By shifting the focus away from handcrafted designs and towards learnt representa-
tions that directly incorporate imaging geometry, we reduce the engineering burden
associated with new hardware while improving adaptability and generalisability. A
further unifying theme is the use of self-supervision wherever possible. This approach
alleviates the reliance on labelled data, a major bottleneck in deploying custom vision
systems, and promotes broader generalisation across tasks, sensors, and environments.
It also reflects a more natural mode of learning: much like how humans acquire an un-
derstanding of depth and geometry through exploration and experience, rather than
being shown curated examples, our methods learn to perceive structure and appear-
ance from unlabelled observations using intrinsic cues such as multi-view consistency

and cross-modal reconstruction.

Collectively, the methods presented in this thesis advance the field towards realising
truly plug-and-play vision systems. These are systems capable of accommodating

unknown or evolving camera parameters, operating seamlessly across modalities, and
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generalising across diverse environments with minimal calibration or human interven-

tion.

A critical advantage of such systems is their potential for future-proofing. In many
real-world deployments, including long-duration autonomous missions, fixed infras-
tructure monitoring, or industrial robotics, sensor configurations may change over
time due to temperature, physical movement, or vibrations [96] as well as the in-
tegration of new technologies. Currently, adapting to such changes often requires
expensive and time-consuming recalibration, bespoke retraining, or complete system
redesign. The ray-based, self-supervised approaches introduced in this thesis offer a
pathway towards vision systems that maintain functionality and accuracy even as sen-

sor hardware evolves, supporting more modular, resilient, and scalable deployments.

We anticipate that these methods will benefit researchers and practitioners aiming to
deploy adaptable vision systems in challenging conditions. Application areas include
autonomous inspection in industrial environments, robotic navigation in outdoor or
unstructured spaces, and exploration in remote or extreme settings such as the deep
ocean or planetary surfaces, where pre-calibration or recalibration is impractical and

sensor behaviour may change unpredictably.

The principles explored in this thesis have broader significance across other fields
that depend on reliable and adaptable vision systems. In cinematography and mixed-
reality production, rapid adaptation to varying camera setups could streamline cre-
ative workflows. In augmented and virtual reality, robust fusion of RGB, depth, and
thermal data could support more immersive and dependable user experiences. En-
vironmental monitoring platforms may benefit from the ability to integrate diverse
and opportunistically deployed sensors. In the medical imaging domain, techniques
that generalise across different imaging geometries or modalities could support more

consistent and accessible diagnostics, particularly in resource-constrained scenarios.
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6.2 Future Work

While this thesis has made significant strides towards plug-and-play camera deploy-
ment, it also opens the door to a range of new research directions. In this section, we
outline a set of potential future avenues that may further expand the applicability,

efficiency, and robustness of these systems in real-world settings.

Generalising to More Modalities and Camera Types. Across Chapters. 3, 4,
and 5 there is clear potential to extend the presented methods to a wider range of
camera types, projection models, and sensing modalities. Chapter 3 used monocular
RGB cameras with lens distortion, but the NOCal. framework could be applied to
non-central projection models such as fisheye or catadioptric cameras. Chapter 4
focused on wide- FOV imagery, though RectConv is geometry-agnostic and could ex-
tend to omnidirectional, light field, inputs, given known or estimable ray geometry.
Chapter 5 addressed RGB and thermal imagery, but the framework is well-suited to
incorporating additional modalities such as polarised light, hyperspectral, or, poten-
tially, event cameras. Future work could explore how to embed and interpret these
diverse sensor types in a shared ray-space representation, and how to adapt the pre-
sented methods to handle sensors with fundamentally different spatial, spectral, or
temporal properties. This would enable a more universal framework for perception,

capable of supporting a wide variety of application-specific sensor suites.

Looking further there are computational imaging techniques, such as coded aperture
or single pixel cameras, which are not well represented as a single ray per pixel.
Instead, these cameras integrate multiple rays of the incoming light onto a pixel.
Meaning the ray based philosophy could not be directly applied to these cameras.
However, we believe that with additional modelling of the camera to rays relationship
to allow for multiple rays to be mapped to a single pixel, the approaches taken in this

work could potentially be extended to these camera types.

Towards Online Calibration and Dynamic Camera Arrays. Chapters 4 and 5
focused on systems where camera intrinsics and extrinsics are assumed to be known,

allowing explicit ray computation for accurate geometric reasoning. However, in many
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real-world scenarios, camera parameters may be unknown or may vary over time
due to mechanical flex, thermal drift, or changes in the sensor configuration. One
promising future direction is to combine the self-calibration capabilities introduced in
Chapter 3 with the network adaptation strategy from Chapter 4. This combination
could enable models to automatically adjust their processing to account for changes
in camera geometry, maintaining performance even as the underlying imaging con-
ditions shift. A further extension would be to integrate the self-calibration method
from Chapter 3 with the multi-camera fusion framework developed in Chapter 5.
This would result in a fully learnable system capable of adapting to both unknown
modalities and variable imaging geometries. Such an approach could support the de-
velopment of plug-and-play camera arrays, where new or repositioned sensors can be
added to a system without the need for manual recalibration. This capability would
be particularly valuable for autonomous systems operating in complex, dynamic, or

remote environments.

Real-World Deployment. While our evaluation in Chapter 5 relied on simulated
RGB-thermal data, real-world deployment presents additional complexities including
sensor noise, varying frame rates, thermal drift, and imperfect alignment. Future work
could focus on deploying the model on real hardware, such as autonomous ground
or aerial vehicles, to validate its effectiveness under operational conditions. This
transition from simulation to reality also opens questions about sim-to-real transfer,
robustness to domain shift, and the role of fine-tuning in adapting pre-trained multi-

modal models.

Continual Learning. Another future direction involves enabling these models to
adapt continuously during deployment. Real-world vision systems often encounter
new environments, sensor configurations, or operating conditions not seen during
training. Future research could investigate continual learning strategies that allow
models to incorporate new information incrementally, without suffering from catas-
trophic forgetting or requiring full retraining. Such methods would support long-term
deployment of vision systems in dynamic scenarios, enabling them to improve over

time as new data becomes available.
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Downstream Integration. The methods developed in this thesis could be ex-
tended to support a broader range of tasks beyond view synthesis, odometry, depth
estimation and segmentation. Downstream applications such as multi-modal object
detection, cross-modal tracking, or scene segmentation could benefit from the rep-
resentations produced by our frameworks. One promising direction is to adapt our
architectures to support multi-task learning where a single network jointly infers
geometry, semantics, and dynamics across modalities. This would be particularly
valuable in fields such as search-and-rescue robotics, planetary science, and agricul-
ture, where systems must operate in complex, unstructured environments with limited

human supervision.

Upstream Integration. A promising avenue for future work involves integrating the
insights developed in this thesis with research on upstream camera hardware design.
There is an increasing interest in systems that are optimised end to end, from sensor
configuration through to task-specific performance [119]. The approaches presented
in this thesis, particularly the use of ray-based representations and self-supervised
learning, are well aligned with this goal. These strategies provide a flexible foundation
that could be incorporated into sensor design workflows, enabling co-development
of hardware and algorithms for improved robustness, adaptability, and efficiency in

practical vision systems.

Looking ahead, we envision a future where perception systems are no longer con-
strained by fixed optics, sensor designs, or tightly engineered pipelines. Instead,
learning-based systems will flexibly adapt to the constraints and opportunities of
their environment and hardware, much like biological vision systems do. The meth-
ods developed in this thesis represent a step in that direction, and we are optimistic

about the research opportunities they help to unlock.
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Appendix

A.1 Multi-modal Configuration

Table A.1 — Multi-modal configuration values.

Section Parameter Value/Setting
Model Encoder Backbone ViT Large
Decoder Backbone ViT Base

Positional Embedding RoRE

Ray Parameterisation raymap

Head Type dpt

Patch Embeding Embedding Type conv
Patch Size 16x16

Dataset Context Views 8
Target Views 6

Optimizer Learning Rate 5.00e-5
Warm-up Steps 500

Data Loader Batch Size (train/val/test) 2
Loss MSE Weight (Amse) 1.0
LPIPS Weight (Aipips) 0.05

Depth Loss Weight (Adepth) 0.75

A.2 Multi-camera Renderings
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Figure A.1 — Real-world rendering on the DL3DV dataset. With 8 input images
masked at 70%. This shows accurate rending in real-world environments even
under high masking scenarios.
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Figure A.2 — A masked, multi-modal, multi-camera rendering configuration. Showing
accurate renderings.
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