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Abstract

Robotics and Mixed Reality (MR) visualisation are revolutionising Minimally Invasive
Surgery (MIS), enhancing precision and efficiency. These technologies promise better
patient outcomes, shorter recovery times, and reduced complications. A key applica-
tion is guiding tumor resection, where MR can overlay tissue characteristics from intra-
and pre-operative sensors as dynamic holograms on anatomical structures, enhancing
the surgeon’s view. However, its clinical adoption has been slow due to challenges with
real-time autonomy, robustness against moving objects, and soft-tissue deformation.
Addressing these issues requires accurate, occlusion-aware, geometrically and tempo-
rally consistent depth estimation in complex, dynamic environments. In this thesis, |
tackle four key challenges: (1) occlusions causing ambiguous depth, (2) sub-millimeter
depth accuracy, (3) dynamic motion, and (4) temporal inconsistency. | propose Deep
Learning (DL) solutions focused on self-supervised learning and generative modeling,
circumventing the need for scarce ground truth data in surgery. First, | developed a
bespoke video generative model that removes occlusions from a video and generates
new frames with high spatial fidelity. To enhance depth estimation accuracy, | designed
a multi-scale perceptual loss function that achieves State-of-the-Art performance even
with a randomly connected neural network, surpassing many stereo models. | further
adapted this approach to a stereo depth estimation model that achieves sub-millimeter
accuracy without surgical training data. For dynamic motion and temporal consistency,
I introduced a novel method that trains two models: (i) a Multi Layer Perceptron (MLP)
for 3D scene-flow prediction and (i) a video depth estimation model that learns tem-
poral dynamics via Diffusion. These models optimise each other to ensure temporal
consistency in depth estimation, even in highly dynamic environments. Finally, | present
an Machine Learning Operations (MLOps) pipeline for deploying DL models on MR hard-
ware, such as the Microsoft HoloLens, via the Cloud for clinical use.
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Chapter 1

Introduction

This thesis is organised as follows:

« Chapter 1 provides an introduction to all aspects of the thesis, the problem case,
contributions and the publications / impact the work has had in the research field.

« Chapter 2 outlines the background information and relevant literature review re-
quired to understand the core concepts the research is built upon.

« Chapter 3 presents the novel generative model and training strategy for occlusion
removal in any vidos from the wild. It particularly describes in detail the relevant
literature, methodology, experimental details and results

« Chapter 4 builds on 3 and exhibits the novel solution for achieving state-of-the-
art (SOTA) accuracy in self-supervised monocular depth estimation via generative
modelling and perceptual learning for view-point reconstruction. It particularly de-
scribes all details about the solution as outlined in Chapter 3.

« Chapter 5 builds on 4, and extends the perceptual representation learning to stereo
depth estimation, achieving SOTA accuracy in self-supervised stereo depth estima-
tion. It describes all details about the solution as done in previous chapters.

« Chapter 6 builds on 5 and presents a generalisable stereo depth estimation model
that achieves sub-millimeter depth accuracy in sugical scenes despite not training
on surgical data. It describes all details about the solution as done in previous
chapters.

« Chapter 7 amalgamates all innovations from 3-6 and creates a novel solution for
estimating temporally-and-geometrically consistent depth on any video from the
wild. It describes all details about the solution as done in previous chapters.

- Chapter 8 presents a novel Machine Learning Operations (MLOps), capable of de-
ploying any Deep Learning (DL) model on mixed reality headsets via cloud compute.
It describes the pipeline itself, methods and experiments conducted.

« Chapter 9 presents the final conclusions and recommended next steps for pushing
this research forward
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1.1. Overview Introduction

1.1 Overview

Addressing malignant brain tumors, continues to be a significant challenge in the field of surgi-
cal oncology, e.g. patients with Glioblastoma Multiforme (GBM) have an average life expectancy
of merely 12-15 months [4, 81]. Surgery is a fundamental component of brain tumor treatment,
since brain tumor resection enhances patient survival rates significantly [19, 99, 202]. At present,
neurosurgeons face difficulties in achieving complete tumor resections. This causes tumour recur-
rence around the operated region from the residual tumour cells left behind, which is detrimental
to patient health [154]. The challenge lies in localising tumor tissue, which has similar appearance
and texture to healthy tissue, making it difficult for the human eye to differentiate between the
two. Additionally, limited intra-operative visibility, typically caused by swelling of nearby tissues,
instruments, blood, or other fluids, further complicates the situation.

Neurosurgery currently, relies on pre-operative imaging i.e. Magnetic Resonance Imaging (MRI) or
Ultrasound to visualise valuable information about the tumor’s size, location, and relationship to
surrounding structures and guide surgical planning [36, 185]. However, pre-operative imaging's use-
fulness for surgical-navigation is limited due to tissue / anatomical structure deformation; caused
by factors like pressure, swelling, foreign instruments etc. This alters the tumor’s position and
shape, making it difficult to maintain accurate intra-operative visualisation and near impossible to
localise during surgery (resulting in an incomplete tumor resection).

The emergence of robotics and Mixed Reality (MR) is going to play a pivotal role in Minimally In-
vasive Surgery (MIS) with the promise of improved patient benefits [23, 65] such as as less pain,
scarring / infection, blood loss, and high precision when operating in confined spaces like oph-
thalmic surgery or on minute anatomical structures of children [91]. In particular, computer vision
has acted as a powerful driving force behind advancements in both robotics and MR. In MR it has
given rise to holographic technologies [/2] giving clinicians multi-modal view by holographically
overlaying pre-operative imaging data (i.e. CT scans of vascular networks) on patient's anatomy
during MIS. MR, combined with computer vision-based scene understanding, can provide real-time
assistance during tumor resection. Comparable to robotics [200], it can enhance 3D localization
and mapping for improved surgical navigation and planning. This 3D contextual information can
bolster a surgeon’s spatial awareness of the tumor and adjacent anatomical structures (lessen-
ing dependence on 2D images alone). It can also grant the same valuable capabilities to improve
autonomous surgical robotics, for the same tasks, with greater precision i.e. autonomous tissue
tracking [255].

However, in real-world clinical setting, overlaying multi-modal information on anatomical structures
during surgery presents challenges due to the dynamic nature of the surgical environment [218].
The very same challenges have also been the root of limited adoption of autonomous robotics in
surgery. Throughout the surgical procedure, tissue deformation occurs for various reasons, such
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as tool-tissue interaction, cardiac or respiratory motion etc. These factors cause the 3D geometry
of the scene to constantly change, making accurate mapping difficult to maintain. Therefore, 3D
scene-understanding fails in robotic and MR applications.

Hence, the core aim of this thesis is to estimate occlusion-aware, geometrically and temporally
consistent depth of the scene, such that computer vision systems can understand the 3D world.
Analogous to the human visual system which is capable doing of this from two-dimensional images
obtained by the eyes. Solving depth is the foundational key ingredient to bringing such MR and au-
tonomous robotic technologies to real-world clinical settings. However, achieving such human-like
depth perception in machines for MIS settings is particularly challenging as its an unconstrained
problem. Specifically the following 4 points are the key factors.

1. Occlusions: obstructions from surgical tools and anatomical features can lead to unclear and
incorrect depth perception. Furthermore, occlusions due to instruments or bleeding impede
surgeons’ visualization of the surgical area through keyhole incisions. This diminished visual
clarity contributes to the relatively lower adoption of minimally invasive methods in neuro-
surgery and pediatric surgery [97].

2. Sub-millimeter depth accuracy: MIS requires extremely high depth accuracy at the sub-millimeter
scale to ensure surgical precision and patient safety

3. Dynamic scene motion: intra-operative conditions are highly dynamic with constantly moving
surgical instruments and deforming tissues which causes depth perception to fail in areas
where regions between video frames fail to register across.

4. Temporal depth inconsistency: surgical scene changes over time, hence depth maps become
temporally inconsistent. This is exacerbated by dynamic motion (3), and causes depth esti-
mations to flicker in a video sequence leading to inconsistent geometry.

Hence, in this thesis | present novel solutions to address these key four challenges to advance the
research for evolving MR and robotic applications to be robust to dynamic motion and occlusion by
objects prevalent in MIS and lastly to achieve sub millimeter depth accuracy inferred from images
alone. The following are the key objectives | completed during my PhD to achieve the aforemen-
tioned goal of creating occlusion-aware temporally consistent depth, and upgrade the surgeon's
visibility during an operation.

- Occlusion Removal: to address (1) | created the first tailored video generative model that re-
moves occlusions in surgical videos, indicated by a binary segmentation mask. It produces
temporally consistent, high-quality reconstructed frames to enhance visibility of the surgical
field. Despite training only on surgical data via perceptual learning, it also generalises to natu-
ral scenes. This algorithm was patented for its unique contribution to potentially also improve
a surgeon's visibility. (Further discussed in chapter 3)
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* Monocular Depth Estimation: Expanding on the highly generalizable perceptual learning from
the occlusion removal generative model, | aimed to apply it to depth estimation through self-
supervised learning. | created a multi-scale perceptual loss function that, even when trained
with a randomly connected neural network for monocular depth estimation; achieves state-
of-the-art (SOTA) performance on both natural and surgical scenes, surpassing several stereo
models (discussed further in Chapter 4).

- Stereo Depth Estimation: Building on my single-image depth estimation and improvement
work, | expanded it to stereo settings to address (2). Utilising cutting-edge perceptual learning |
developed a unique contrastive representation learning framework for training stereo depth es-
timation models. This led to enhanced self-supervised model performance (detailed in Chapter
5). However it still lacked the accuracy and sharpness required for clinical standards. | found
that stereo methods trained on simulations outperformed self-supervised approaches due to
clearer training signals from ground truth depth, however their generalisability was limited.
Consequently, | created a new method that obtained the best of both worlds: generalisabil-
ity via perceptual learning and high accuracy via supervised learning (on simulation data). |
adapted the perceptual learning method to enhance representation learning in a novel Masked
Image Modelling (MIM) framework for stereo depth estimation. This framework achieved sub-
millimeter accuracy on surgical scenes and generalised well, even without training on surgical
data (discussed in Chapter 6).

- Geometric & Temporally Consistent Depth: Building on my all my previous research, | ad-
dressed (3) and (4) jointly, by developing a model capable of producing occlusion-aware, tem-
porally consistent depth. | devised an innovative method that trains two models: (i) a Multi
Layer Perceptron (MLP) for predicting 3D scene-flow, and (ii) a video depth estimation model
for learning temporal dynamics via Diffusion. These models optimize each other for tempo-
ral depth consistency. | also demonstrate that by incorporating video dynamics, depth can
be resolved for objects that are occluded and/or possess high dynamic motion despite the
presence of moving camera. (discussed further in Chapter 7).

- Mixed Reality Deployment: Lastly, | created a novel Machine Learning Operations (MLOps)
pipeline that operates on a cloud service (i.e. Microsoft Azure) to deploy and run inference
for these Deep Learning (DL) models on data captured from a MR headset such as Microsoft
HoloLens. Specifically, | demonstrate that, despite DL models requiring substantial compu-
tational resources, offloading to the cloud enables deployment in constrained environments.
The software architecture also incorporates data and model version control, allowing users
to track changes over time and retrain the model to tackle new challenges as data and usage
evolves.

The next section Section 1.3 describes my contributions for the PhD for each of these aforemen-
tioned objectives.
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1.2 Clinical Needs and Assumptions

GBM represents one of the most urgent and significant unmet clinical needs in oncology. Despite
the availability of multimodal treatment strategies, including surgery, radiotherapy, and chemother-
apy, GBM remains nearly universally fatal, with a five-year survival rate of only 5% [145][98]. One
of the primary challenges in treating GBM is its highly infiltrative nature, making complete surgi-
cal resection impossible and contributing to nearly inevitable tumor recurrence [181]. This recur-
rence is often driven by glioblastoma stem-like cells (GSCs), which are highly resistant to conven-
tional therapies. Furthermore, residual tumor cells left behind during surgery can lead to recurrence
and a poorer prognosis, with average life expectancy remaining low at 12-15 months for GBM pa-
tients.

The current standard of care for GBM, which includes maximal safe resection followed by chemo-
radiation, only extends survival by a few months [145]. Furthermore, the complexity of the tumor’s
micro-environment and the blood-brain barrier (BBB) presents substantial challenges for drug deliv-
ery and efficacy, with over 98% of potential therapies failing to penetrate the BBB at therapeutically
relevant levels. These factors highlight the critical need for innovative approaches, including ad-
vanced imaging and surgical technologies that can improve the extent of resection and overcome
biological barriers. Therefore, addressing the clinical challenges posed by GBM is far from a mere
technical push; it is a necessary response to one of the most pressing and lethal problems in mod-
ern neurosurgery. New advancements in technology, such as enhanced imaging for real-time tumor
differentiation and novel drug delivery systems, could significantly improve patient outcomes and
fill this substantial gap in cancer care.

A key clinical need in this field is the enhancement of intraoperative visibility to improve the preci-
sion of tumor resection. Current technologies such as preoperative MRI and intraoperative ultra-
sound are essential tools for surgical planning. However, these imaging modalities offer limited
assistance during the operation due to intraoperative tissue deformation. The deformation caused
by factors such as surgical manipulation and swelling often displaces the tumor, making precise
resection difficult and increasing the likelihood of incomplete tumor removal.

To address this issue, my research focuses on the development of novel deep learning and mixed
reality (MR) technologies aimed at enhancing real-time 3D scene understanding during surgery. By
improving depth estimation, reducing occlusions, and providing geometrically and temporally con-
sistent visualisations, this work directly targets clinical needs. For example, enhanced depth per-
ception through MR could help surgeons more accurately differentiate between tumor and healthy
tissue during operations, potentially reducing the risk of recurrence by facilitating more complete
resections.
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1.3 Contributions

This work is focused on creating occlusion-aware, geometrically and temporally consistent depth
of the surgical scene. In particular, this thesis outlines innovations and novel methods that ad-
dress the 4 key aforementioned challneges to achieve this solely from standard camera image /
video inputs. It provides the foundation of novel solutions that can be further improved to bring
MR / robotics to MIS. This required DL models (which have become SOTA method for computer
vision tasks) to encode context & 3D representations from an image input and/or video temporal
dynamics & object motion from a video input. The thesis, specifically focuses on the development
of DL models via self-supervised representation learning to overcome the issue of lack of ground
truth data availability (prevalent in surgery) and improving generalisation for unobserved scenes
from the wild. The work finishes by presenting a novel MLOps pipeline to deploy these models on
MR headsets.

The six areas of contribution are:

1. Video Occlusion Removal with High Temporal and Spatial Fidelity: A novel encoder-
decoder network was created, combining 3D and 2D convolutions for learning from volumet-
ric video sequences and single images. A new 3D partial convolution layer was introduced
to construct the model and custom loss function was designed (combination of adversarial,
reconstruction, perceptual, style and temporal losses) for unsupervised training with varying
occlusion-to-image ratios. The model is invariant to occlusion and scene types, successfully
reconstructing occluded areas in both surgical and natural scenes. Marking the first online
video-based approach for removing occlusions in surgical videos. (chapter 3)

2. Monocular Depth with Self-Supervised Learning | designed an innovative neural network
architecture for dense monocular disparity estimation, utilising random neuron connections
and attention mechanisms for feature extraction, resulting in the first randomly connected
encoder-decoder structure. Furthermore, we developed a multi-scale loss function that com-
bines deep feature perceptual and adversarial losses for enhanced view synthesis, error com-
putation and for learning the underlying 3D distribution of the input image. (chapter 4)

3. Boosting Self-supervised Stereo Depth with Contrastive Representation Learning (CRL):
| developed a stereo depth model training procedure using joint CRL and self-supervised learn-
ing. lintroduced the first CRL methodology for stereo depth estimation. The method involved
efficiently training encoder models, which later pair with a decoder architecture for high-quality
disparity maps. The CRL method boosts performance for models trained with traditional self-
supervised image re-projection error. Additionally, we also made CRL scalable and tailored for
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highly similar images like stereo pairs, even on single GPU hardware. (chapter 5)

4. Stereo Depth with Sub-Millimeter Accuracy: A groundbreaking technique was developed
for training stereo depth models by combining self-supervised MIM and supervised stereo
depth estimation. This marks the first use of MIM representation learning for stereo depth es-
timation. A new approach was proposed to augment MIM by integrating a perceptual similarity
loss term for learning generalizable visual semantic concepts. A flexible model architecture
was introduced, allowing the combination of MIM encoder with any off-the-shelf decoder for
enhanced depth estimation. The joint MIM-supervised method improves performance, result-
ing in a generalisable model with sub-millimeter accuracy in surgical depth. (chapter 6)

5. Temporally & Geometrically Consistent Depth: | designed a new method for adaptable,
geometrically and temporally consistent depth estimation using denoising diffusion. A 3D-Unet
was designed for learning video dynamics, and a model for continuous differentiable 3D scene-
flow was developed. The unique loss function proposed optimises depth video consistency
and scene-flow jointly, by enforcing multi-view geometry constraints on a video sequence and
a combination of step-unrolled diffusion together with flow warping for video reconstruction.
This method enables the model to learn video temporal dynamics and ensures consistent depth
is generated for the scene even in presence of objects with dynamic motion and/or obfuscated
by occlusions (prevalent in MIS). (chapter 7)

6. Machine Learning Deployment Pipeline on MR Headsets: Finally, | developed an MLOps
pipeline that deploys DL models on cloud services like Microsoft Azure, utilizing mr headset
data such as HoloLens. In particular | created a software architecture with version control em-
bedded to record any changes during usage and for deployment on the cloud, which overcomes
substantial computational resource requirements. (chapter 8)

Chapter 2 establishes the technical foundation for concepts in this work; exploring common DL
algorithms, generative modelling and self-supervised representation learning. These essentials of
DL serve as the bhasis for the models developed in this thesis. Furthermore, the process of depth
estimation in both traditional computer vision techniques and DL are explored. Finally, review of
the challenges associated with deploying DL models on edge devices is explored.

The subsequent chapters (3-8) detail the contributions of this work as outlined above. Chapter 9
concludes the thesis, summarising the contributions, implications in current settings, limitations,
and suggestions for future research directions.
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Chapter 2

Background

The foundation of this work is rooted in learning deep semantic representations of
videos and images. This is achieved by training a Machine Learning (ML) model which
has parameters that are optimised to learn the probability distribution for a given task.
This enables the model to accurately predict the desired outcome based on a given in-
put. In hindsight they are function approximators; mapping an input to a desired output.
Recent advancements in Deep Learning (DL) have earned them a reputation of being
universal function approximators [39], making them the state-of-the-art (SOTA) ML al-
gorithms applied in computer vision.

This chapter presents a thorough overview of the fundamental concepts that form the
basis of deep learning, self-supervised learning, and generative modeling. | start by
discussing the essential principles of deep learning, including artificial neural network
architectures, backpropagation, and optimization techniques. | then examine the most
prominent generative models, such as Generative Adversarial Networks (GANs) and dif-
fusion models, emphasizing their core ideas, strengths, and drawbacks. Subsequently,
| delve into the realm of self-supervised learning, investigating how it facilitates the un-
supervised acquisition of meaningful representations from data, without the need for
ground truth label data. This comprehensive exploration serves as a valuable resource
for for advancing the future of Computer Vision (CV) techniques, which will be designed
to learn a generalisable distribution of the underlying data and associated tasks

Then fundamental concepts of 3D vision i.e. depth estimation is discussed, including
triangulation-based methods, Structure from Motion (SfM), and stereo depth, as well as
their strengths and limitations. | also delve into more recent techniques that leverage the
power of deep learning to achieve improved performance. Finally, the challenges asso-
ciated with deploying DL models in on Mixed Reality (MR) / mobile devices considering
computational resource constraints and data requirements.

In this chapter, | present the essential technical aspects of the methods employed in the contribu-
tion chapters of this thesis. The content is not meant to cover all aspects, but instead focus on the
most common techniques related to the core concepts discussed in subsequent chapters.
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2.1 Deep Learning

2.1.1 Machine Learning Preliminaries

Artificial Intelligence (Al) is the overarching field that focuses on developing algorithms, techniques,
and models to create intelligent systems capable of performing tasks without explicit human in-
tervention. It encompasses a wide range of approaches, including rule-based systems, search
and optimization algorithms, and machine learning techniques [66]. Machine Learning (ML) is a
subfield of Al that deals with developing algorithms that can learn patterns and make decisions
based on data. Deep Learning (DL) is a specialised sub-field of ML that focuses on artificial neural
networks with many layers, known as Deep Neural Networks (DNN). These networks are capable
of automatically learning complex representations and patterns from large amounts of data. The
taxonomy of these algorithms is displayed in Fig 2.1

Artitifial Intelligence

Machine Learning

Deep Learning

Figure 2.1: Venn diagram displaying the taxonomy of Al algorithms

A primary function of ML models is to carry out function approximation, which involves identifying
an underlying function that represents the relationship between input and output variables in a
given problem. The model is composed of learn-able parameters that are updated on a training
dataset based on a specified metric. This metric becomes an objective function (also known as
loss), which the algorithm optimises. Generally, ML algorithms are classified into two categories
based on the presence of target labels in the training dataset: supervised or unsupervised learning.
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A third category, known as self-supervised learning, has recently gained prominence, wherein the
model learns to predict portions of its input using other parts of the input (inspired my language
modelling [220]).

Supervised Learning In supervised learning, the training dataset includes Ground Truth (GT)
labels that represent the desired outcomes for the model to predict during training. The model's
parameters are updated based on the difference between its current prediction and the actual
ground truth label from the training set. Typical supervised learning predictive tasks are clas-
sification and regression.

Unsupervised Learning In unsupervised learning, the training set has no GT labels, requiring
the model to learn hidden patterns solely from the data’s inherent features. For images, this
might involve pixel intensities, local textures, or shape attributes. Unsupervised ML algorithms
encompass clustering and dimensionality reduction techniques.

Self-Supervised Learning Also known as pretext task, is conducted as a preliminary step prior
to conducting supervised learning. In this approach, the model learns to predict parts of its in-
put (typically masked) using other parts (unmasked) of the same input, effectively generating
its own labels from the data. In the context of images, a model could be tasked with recon-
structing missing portions of an image based on the surrounding visible context. This enables
the model to learn meaningful representations and features of the data distribution without
relying on externally provided labels. Once this distribution is learnt, downstream supervised /
semi-supervised learning has shown to yield boost in performance and generalisability.

There are additional branches of ML such as Reinforcement Learning (RL). It is a type of machine
learning where an agent learns to make decisions by interacting with an environment. In RL, the
agent takes actions to achieve a specific goal and receives feedback in the form of rewards or
penalties. The aim of the agent is to learn a policy, which is a mapping from states to actions,
that maximizes the cumulative reward over time. Such methods have trained agents to play video
games [149], control robots [157] etc. However, this is not applied directly in the work presented in
this thesis only the 3 aforementioned methods are relevant.

DL has emerged as a new breed of ML algorithms, possessing certain advantages over traditional
ML methods, which have contributed to its widespread adoption and success in a variety of ap-
plications i.e. computer vision [2, 175, 182], natural language processing [40, 220], robotics [151],
time series prediction [128], etc. Such advantages include, the ability to handle high-dimensional
complex data; i.e. unstructured data such as images, audio, and text. Traditional ML algorithms
often struggle with these types of data or require significant pre-processing and feature engineer-
ing to be effective. DL models comprise of Artificial Neural Network (ANN) stacked in layers. Each
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ANN hence, leverages the power of numerous individual decision-making units (other ANNs, whose
weighted contributions are combined to produce a cohesive output. Thus, as a model (multiple
ANN stacked in multiple layers), they are capable of automatically learning hierarchical representa-
tions from raw data. Each ANN can discover and learn increasingly complex and abstract features,
without requiring manual feature engineering.

These properties make DL models highly scalable and handle large volumes of data and high-
dimensional input features for comples tasks like image recognition, natural language processing,
and speech recognition. Furthermore, DL models can be trained end-to-end, meaning they can
directly map raw input data to desired outputs without requiring intermediate processing steps.
This simplifies the overall pipeline and often results in better performance. Moreover, the end-
to-end learning also allows DL models to conduct transfer learning; where a pre-trained model
can be fine-tuned for a specific task with relatively little data. This enables the model to leverage
the knowledge gained during its initial training, improving the performance on the new task and
reducing the training time.

2.1.2 Feed Forward Neural Networks

Feed Forward Neural Network (FFNN), also known as Multi Layer Perceptron (MLP), represent the
essential foundation of deep learning models. A FENN is a type of ANN consisting of multiple
layers of interconnected neurons (also known as nodes), organized in a hierarchical manner. This
is illustrated in Fig 2.2.

A) Feed Forward Neural Network B) Single Neuron

Considering node 72 in layer [

1. Weighted sum: zln = Eanl:L'n + b,

2. Output: ail = O'l(zil)

Input Layer (z) Hidden Layer (k)  Output Layer ()

Figure 2.2: displaying (A) 3 layer feed forward neural network and (B) the computation within
a single neuron.

In this network, information flows (forward) in one direction: from the input layer, through one or
more hidden layers, and finally to the output layer. Each neuron processes the incoming data, apply-
ing a nonlinear activation function, and passes the result to the next layer. Given an input variable
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x a single neuron conducts affine transformation of the input data in the following manner:
z = o(wz + b) (2.1)

Where w and b signify the neuron’s parameters; weights and biases respectively. o is a non-linear
activation function e.g. logistic, sigmoid, tanh or Rectified Linear Unit (ReLU) [150]. Non-linear
activation functions are critical, without it, a neural network would essentially reduce to a linear
regression model, with limited capacity to model complex relationships between inputs and out-
puts. Hence o allows neural networks to learn non-linear decision boundaries and map inputs
to higher dimensional feature spaces, making them capable of solving a wide range of complex
problems.

To understand how Eq. 2.1 s extended to a multi-layer neural network, consider a dataset (X =
(1, ..., 2], Y = [y1, ..., y;]), where X are the input samples, Y are the corresponding ground truth
and ¢ are the total no. of samples. Each sample x; is a 3-dimensional input vector which is fed into
the 3-layer DNN displayed in Fig 2.2 A. The weights which are the connections in of the DNN can
be visualised as a matrix where the superscript denotes the layers the it connects to (start,end)
and the subscript signifies the nodes it connects to in the corresponding layers (start,end). this is
shown mathematically as:
wyy wfg w3
Won = w5y wiy wyy (2.2)

z,h z,h z,h
W31 Wzo Wss

Where W, ,, are all the weights between layers = and h. The same can be conducted for the final
layer i.e. h and y. Essentially the no. of rows and columns in the matrix denote the no. of neurons
and layers respectively. Similarly the bias matrix By, for the layer h can be defined as [b%, b, b%].
The weighted output Z of layer A is calculated via the following:

Zp = xiWypn + By, (2.3)

Where Zj, is the output for each input z i.e. Z, := [z}, 2%, 28] (similar computation to Eq. 2.1,
for the whole layer). This then is parsed through a non-linear activation function oy, to get the final
output ay, which is then forward propagated to the next layer, where the same computation Eq. 2.3
and 2.4 are repeated for the respective nodes connecting to layer (y).

ap = op(Zy) (2.4)

Where ay, is the output a;, := [a}, a%, a%] propagated to next layer. Considering the full forward
propagation chain, input z; to output predictions a,, the calculation is as follows:

0! = 0,(0; (@i Wap + By) Wiy + B,) (2.9)
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The neural network is then trained to optimise the weights w such that output ! is same as its
corresponding ground truth label y; via backpropagation algorithm [66].

2.1.3 Optimisation

Continuing from the example above, to train a neural network, a loss function L needs to be defined,
typically the difference between the prediction i.e. ! and the ground truth label y;. Most common
loss is Mean Square Error (MSE), defined as:

1 2

L==%Y (0 —y)

N =1\ (26)

The type of loss function utilised depends on the type of task being performed i.e. classification
losses typically utilise cross-entropy, whereas regression uses L1 error (also known as Mean Ab-
solute Error (MAE)) or MSE. The aim of DNN is thus to best predict v;. To optimise the weights TV
to achieve this, the loss i.e. Eq. 2.6 needs to be minimised. A common technique employed for
this purpose is gradient descent. Gradient descent incrementally adjusts the parameters using a
learning rate 7 to optimise the model's parameters w, defined mathematically as:

To train all the weights of the DNN partial derivative of L must be calculated with respect to (w.r.t)
the all the layer's weights 1. This is where backpropagation, using the chain rule, comes into play.
An example of this is shown mathematicallyf or the gradient of L w.r.t hidden layer weights W, 5,

below:
5L 0L W,

Wan Wiy Wan

(2.8)

The chain rule calculates derivative for each weight w in the DNN and gradient descent (Eq. 2.7)
updates them iteratively until L = 0. Choosing the right learning rate n is vital, if too large, weight
updates may overshoot, increasing the loss function L. If n is too small, the optimiser may get
trapped in a local minimum.

Lastly, the above functions calculate the gradient over all the samples in a dataset, this may not be
feasible for large datasets or models with larger parameters. Hence, different variants of gradient
descent optimisers exist to update model parameters on batches of data i.e. Stochastic Gradient
Descent (SGD) [204], SGD with momentum, Adaptive Moment Estimation (ADAM) [109] etc.

2.1.4 Convolutional Neural Networks

Convolutional Neural Network (CNN) are specialised neural networks tailored for processing data
exhibiting grid-like arrangements, such as time-series data with its 1-D grid of consistent time in-
tervals and image data composed of a 2-D pixel grid. CNNs incorporate two additional inductive
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biases compared to FFNN; (1) local connectivity and (2) weight sharing. Instead of linking every
input feature to every output feature, connections are limited to specific neighborhoods. This ap-
proach highlights the significance of local information, as output features rely on a small range of
adjacent input features. Commonly, 1D CNNs handle time series, 2D CNNs manage images, and
3D CNNs process videos. In this thesis mostly 2D and 3D CNNs were utilised since, all input data
were images and/or videos.

The convolution operation in CNN utilises a set of filters (also known as kernels), similar to tradi-
tional computer vision. The exception is that instead of having hand-crafter filters with pre-defined
values e.g. Sobel filter [52], CNNs learn the filters (weights w) automatically during the training
process. They adapt their weights to detect patterns and features relevant to the specific task, re-
sulting in a more data-driven and flexible approach to feature extraction compared to hand-crafted
filters.

When processing an image input, each filter consists of a set of neurons, typically organised in a
square matrix, like a 3x3 grid. This filter glides across the input image in a sliding-window man-
ner, starting from the top-left corner and moving towards the bottom-right. During this traversal,
convolution operation is performed for each patch; which involves element-wise multiplication and
summation of the filter's neurons and the corresponding input pixels. The resulting value is stored
in the output feature map at the location corresponding to the filter's center. This procedure is
performed iteratively at each sliding window position. As a result, the output is derived from the lo-
cal information surrounding a specific point, capturing the spatial dependencies and local patterns
within the input image. This is illustrated in Fig 2.3.

0
'] WiiWis Wis VAR
1 2 4
W1 Wa2 Was
i W31 W32 Wi
Filter Output feature map
r A
(0 X Wl,l) + (1 X—EVLz) + (0 X W173)
Input Image Zig = (Ix W)+ (2 XJTerz,z) + (4 x Wa3) r
(3 x W31) + (4 x W3) + (0 x W3,3)J

Convolution operation

Figure 2.3: lllustrating the convolution operation on an image patch (blue grid) by applying a
convolution filter (yellow grid) to produce the output feature map (grey grid).
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When a filter convolves with an image, it functions in areas where it fully fits, with all the values
inside the filter contributing to the output, which is positioned at the filter's center. Hence, the
output feature map is smaller than the input image by (f — 1)/2 pixels in each dimension due to
edge constraints. f is the filter sizei.e. f x f. To counter this, padding, often zero-valued pixels,
is added to the input image before convolution. It maintains the output size equal to the input size,
by adding additional pixels typically 0 valued around the image perimeter. The value of the padded
pixel can be user-selected.

The size of the output feature map is also influenced by the stride, which represents the num-
ber of pixels the filter shifts while progressing through the sliding window process. A single-pixel
stride allows every input pixel to have a corresponding output in the resulting image, considering
the padding issue. Hence, the output feature map size post convolution can be calculated by the

following relationship:
(W —f+2P)

< +1 (2.9)

size =

Where W is the image width, f is the convolution filter size, P is the padding dimension and S'is
the stride. Typical input tensor dimensions for a 2D convolution layer is [b x ¢ x h x w] where
b, ¢, h and w are batch, channels, height and width respectively. Input tensor dimensions for a 3D
convolution layer are [b x ¢ x s x h x w] where the added dimension s is sequence.

CNN architectures usually consist of not only convolution layers but also additional layers paired
with them. These supplementary layers may include:

+ Pooling: These layer are not parameterised, and are used to reduce the spatial dimensions of
the feature maps generated by convolutional layers. This downsampling aids to make the net-
work more robust to small variations, decrease the risk of overfitting, and reduce computational
complexity of the model [188].

+ Dropout: is a regularisation technique used in neural networks to prevent overfitting and im-
prove generalization [/7]. During the training process, dropout randomly deactivates a fraction
of neurons (or connections) in a layer at each training iteration. This "dropping out” is typically
controlled by a probability parameter, which determines the likelihood of a neuron being deac-
tivated. By deactivating neurons, dropout effectively creates an ensemble of smaller, diverse
networks that learn different aspects of the data

- Batch Normalisation: Batch Normalisation (BatchNorm) is used to stabilise and accelerate the
training process. It addresses the issue of internal covariate shift, which occurs when the distri-
bution of each layer's input changes during training, making it difficult for the network to learn.
BatchNorm is applied to the input or output of a layer, normalising the data in each batch by
calculating the mean and standard deviation, and then scaling and shifting the data accordingly.
This process ensures that the data fed to the subsequent layers has a consistent distribution
with zero mean and unit variance, making it easier for the network to learn [90].
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2.1.5 Recurrent Neural Networks

Recurrent Neural Networks (RNN) are a type of neural network specifically designed to handle
sequential data, such as time series, natural language, or audio signals. Unlike FFNN, RNNs have
built-in memory through recurrent connections, enabling them to retain and utilize information from
previous time steps in the sequence. This particular type of model was not employed in this the-
sis, mainly because only sequential data utilised was a video for which 3D CNN was utilised which
learns spatio-temporal features. However, for complete DL literature, an overview of this architec-
ture design is described below.

In a RNN, the hidden state at each time step is calculated using the input at that time step and
the hidden state from the previous time step. This process allows the network to learn temporal
dependencies and patterns in the data, capturing the context and order of the sequence. This
process is illustrated in Fig 2.4.

MR
e GG GG

Figure 2.4: Displaying a RNN process for 3 time steps in a sequence where the hidden layer
states are shared across time.

However, the standard RNN often struggles with learning long-range dependencies due to issues
like vanishing and exploding gradients. To overcome these challenges, more advanced RNN archi-
tectures, such as Long Short-Term Memory (LSTM)s [80] and Gated Recurrent Units (GRU) [33],
have been developed. These architectures introduce specialised gating mechanisms that enable
better control over the flow of information and help to capture long-range dependencies more ef-
fectively.

2.1.6 Transformers

Transformers are a new breed of deep learning models, specifically designed for handling sequen-
tial data like text, audio, or time-series. They have superseded RNNs in sequence modelling [40]
and even CNNs in certain computer vision [114] use-cases, achieving state-of-the-art (SOTA) results
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and earned a reputation of a generalisable DL architecture [93]. They were introduced in [220] and
have since revolutionised DL as a whole due to their ability to capture long-range dependencies
and context in data effectively.

Transformers architecture typically consist of an encoder and a decoder, each comprising multiple
layers with self-attention and FFNN. The encoder processes the input data and generates a con-
tinuous representation, while the decoder uses this representation to generate the output. The pri-
mary mechanism that powers transformers is self-attention, which allows the model to weigh the
importance of each input element relative to others when processing the data. This self-attention
mechanism enables the model to focus on different parts of the input depending on the context,
leading to improved performance in any tasks. Since the model learns what to pay attention to, it
can learn to generalise on any input type.

Self-attention is calculated for a given input = by converting it into query ¢, key k& and value v feature
vectors.

+ Query g vector: Represents the element of = for which attention scores are calculated. It helps
the model determine how much focus should be given to which element of = while processing
x as awhole.

- Key k vector: Represents the elements in the input that should be compared against the query
vector. The dot product between the query and key vectors is used to compute the attention
scores, indicating the relevance of other elements in the context of the current element.

+ Value v vector: Represents the content or “value” of each element in the sequence. Once the
attention scores are computed, these value vectors are weighted by the corresponding attention
probabilities, resulting in a context-aware representation that captures the influence of other
elements in the sequence.

The value vector v is then forward propagated to next layer, so that hierarchically attention is cal-
culated, all the way from the input to deep features and finally the output. Mathematically self-
attention is calculated as follows:

KT

Q-
A = softmaz( NA
Where A is the attention output. @, K, V are Query, Key and Value FFNN that take x as input, and
output the ¢, k and v feature vectors respectively. dy, is the dimension of &, in Eq. 2.10 it is simply
used to normalise the the dot product of 2 and K. To boost performance the original authors
showed [220] that instead of computing attention once on a given input , computing multiple
times i.e. multi-headed self-attention enables the transformer to capture different aspects / per-
spectives of the input data at various positions and scales. Thereby, improving the expressiveness
and learning capacity of the self-attention mechanism. This is simply achieved by concatenating

W (2.10)
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all the different attentions for n no. of times conducted and parsing them through another FFNN
for compression, i.e.
MA = FFNN(Concat[Ay, ..., A)) (2.1)

Where M A signifies multi-head self-attention output, and n is the no. of times (heads) Attention
is calculated. These attention scores are derived from the input elements’ embeddings, which
are then combined to form a context-aware representation for each element. The self-attention
mechanism is highly parallelisable on GPU hardware, allowing transformers to efficiently handle
large input sequences and scale effectively. This has made it a key component in SOTA deep
learning models for various applications.

Another essential component of the transformer architecture is positional embeddings. Unlike
RNN, transformers employ FFNN, which do not have shared weights across the sequence. Con-
sequently, transformers require positional embeddings to incorporate positional information, as
their self-attention mechanism lacks an inherent concept of element order or position in the input
sequence. Various methods can be employed to create positional embeddings, the most common
approach however, is sinusoidal embeddings [220].

In this method, each element in the input sequence x (i.e. z = [xy, ...x;] where 4 is the dimension
of the vector), is represented by a vector, with each element in the vector being a combination of
sine and cosine functions of different frequencies. These embeddings can be precomputed, and
they are added to the content embeddings (produced by the first FFNN layer in the transformer)
before being fed into the transformer’s self-attention layers. This is mathematically computed as
follows:

, POS

PEpos,2i = Sm(m) (2.12)
B POS

Pepos.2i = COS(_lOOOO% yER™ (2.13)

Where pe is the output positional embedding for input = element at position pos of dimension
i. In other words, each dimension of the positional encoding is represented by a sinusoid. The
wavelengths exhibit a geometric progression, ranging from 27 to 10000 - 2.

The sinusoidal positional embeddings have the desirable property, of being able to model relative
positions thus, being easily extensible to different sequence lengths and different sequence types
(i.e. sentences, audio waves, images etc.).
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2.2 Generative Modelling

Generative modeling in deep learning refers to a class of algorithms that aim to learn the underly-
ing data distribution of a given dataset and generate new, synthetic samples that closely resemble
the original data. A variety of techniques, such as probabilistic graphical models, DL-based ap-
proaches like Variational Auto Encoders (VAE) and Generative Adversarial Networks (GANs), and
other methods like Markov Chain Monte Carlo (MCMC), are employed to achieve this goal. Applica-
tions of generative modeling span numerous domains, including image synthesis [102, 105], drug
discovery [173, 263], art [47, 187], and more, offering valuable insights and fostering innovation in
diverse fields. In this thesis we focus generative modelling applied on image / video data.

2.2.1 Perceptual Learning

To train a DL model to generate high fidelity image / videos, a metric is required to measure the
similarity between the predicted output and the ground truth. A naive way of achieving this is
to use regression loss functions like MAE and/or MSE between the predicted and ground truth
pixels. However, these are simply pixel-wise distance metrics that compare the predicted output
to the ground truth. This is inherently low-level semantic comparison, it fails to evaluate high-level
semantic information (such as relationships between objects in a scene) or structural similarities
between similar contexts. Furthermore, These losses are sensitive to minor spatial mis-alignments
which can yield poor optimisation and blurry outputs [262]. Hence, to overcome these limitations,
perceptual loss functions are used, which evaluate perceptual similarity between images.

The goal of perceptual similarity [259] is to emulate human visual perception. Humans can interpret
images at an abstract level, depending on high-level concepts and semantic cues that establish
the connections between various entities within the scene. Perceptual similarity seeks to replicate
this human-like assessment by formulating metrics that quantify perceptual distance, with smaller
distances corresponding to image representations that more effectively capture visual semantic
concepts.

Structural Similarity Index (SSIM), an early version of perceptual loss, aims to identify the charac-
teristics of an image that, when altered, are perceived as significantly different by humans. Images
are evaluated based on three crucial aspects: (i) luminance (i.e. pixel intensity), (i) contrast and (iii)
structure [233]. Subsequent research expanded this approach to assess similarity across multiple
scales [230]. Concurrently, alternative metrics have been suggested, including Peak Signal to Noise
Ratio (PSNR) [82], Feature Similarity Index (FSIM) [258], and HDR-VDP-2 [138]. However, these tra-
ditional perceptual metrics rely on handcrafted features and capture relatively simple properties of
images, which can lead to poorer generalisation and limited semantic understanding

A popular way to measure perceptual similarity in the DL era, is to compare the features learned by
a neural network with those from another frozen pre-trained network, rather than comparing pixel
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differences. Computer Vision (CV) models pre-trained on large datasets like ImageNet (2 million
natural scene images) [75, 195] can be used. This method assumes that higher-level, meaningful
features needed for accurate classification are captured in this comparison. Introduced by [94]
where a pre-trained VGG network (on ImageNet) is used for comparing features from predicted
and ground truth images. This feature matching-based approach has been successfully applied
to numerous computer vision tasks since its introduction [219, 224, 227]. This is mathematically
defined as:

LYY = J:fg Ly - d )| (2.14)
feat - — N] 1 :

Where ¢ is the pre-trained VGG model, ; are the layer index at which feature maps from VGG are
extracted for comparison, I is the ground truth image and I’ is the predicted image. The loss
function enforces (eventually during training) I’ and I to have similar feature distributions, going
beyond simply pixel-matching.

Perceptual learning and generative modeling are related concepts since they both involve learning
meaningful representations of the data. In some cases, the representations learned during per-
ceptual learning can be used as a basis for generative modeling. For instance, a model trained to
recognise objects in images (perceptual learning) might have learned a latent space that captures
the structure of the data, which could then be used to generate new images (generative modeling).
In this thesis, particularly in chapters 3 to 7 | present innovative methods that combine perceptual
representation learning with generative modelling to learn both high fidelity spatial outputs and the
underlying data distribution.

2.2.2 Generative Adversarial Networks

While perceptual similarity seeks to encapsulate the semantic structure of images, generative mod-
els aim to represent the underlying distribution of image data. An example is GANs [101, 103, 104,
106]. In particular GANs comprise of two neural networks: a generator G and a discriminator D.
The generator creates synthetic data samples, while the discriminator evaluates these samples,
determining whether they are real (from the training data) or fake (generated by the generator).
Hence, the discriminator essentially performs binary classification (real= 1 and fake= 0). Hence,
the generator’s goal is to produce samples that are indistinguishable from real data, while the dis-
criminator’s goal is to accurately identify whether a given sample is real or fake. Through this ad-
versarial process, the generator learns to create more realistic data samples, and the discriminator
becomes better at identifying real and fake samples. The training continues until an equilibrium
is reached, where the generator produces high-quality synthetic data that the discriminator can no
longer distinguish from real data.

The original formulation for training GANs [67] is based on binary cross entropy loss, which is
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defined as follows:

La =5 flog(1 — D(G(z0)] (215

Lo = -7, [log(D () + log(1 — D(G(=0))] (2.16)

Where Lp and L¢ are the loss functions for the discriminator and the generator respectively. z
defines noise input for G, x is a real input sample from the data distribution and m defines a batch
of data. Lp trains D to ensure D predicts the correct label for both real data z; and generated
G(z;). Whereas G is trained solely to maximise that D predicts 1 for generated data. As GANs
implicitly learn the underlying data distribution through a discriminator, their original formulation
was capable of generating high-fidelity images. However, they experienced training instability and
mode collapse, where the network could only capture a portion of the variance present in the data
distribution. This made training them very unstable. Hence, various different versions of GANs
losses are introduced in literature that claim to improve stability in the loss formulation [9, 96,
140].

Later research, such as Pro-GAN [103], further improved by was further improved by MSG-GAN [107]
(illustrated in Fig 2.5) incorporated the concept of multi-scale generation to stabilise the generator,
allowing for a more comprehensive representation of the underlying data distribution. (Note the
loss function for training these GANSs is still effectively the same, the change is in the architecture
design which improves training stability).

(A) Standard adversarial training (B) Multi-Scale Gradient adversarial training
(operates at single scale) (operates at multiple scale)

1x1 convolution layer

D Generam'l:j:;al network D Discrimi"alﬂlf neural network meenera(ed image Ground Truth (real) image ] converts latent representations to
layer

Figure 2.5: Exhibiting the difference in training architecture styles between (A) standard GANs
process and (B) MSG-GANSs process. Where solid and dotted lines signify forward propagation
and concatenation accordingly. In all cases, Discriminator model is a simple sequential CNN
similar to [170]

The recent StyleGAN series of papers [104-106] adopt the multi-scale GANs approach and intro-
duce numerous enhancements on top, to the learning of the discriminator, aimed at increasing
the stability of the generated images. One such improvement is perceptual path length regular-
isation [259], which ensures that minor alterations in the input latent code result in changes of
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a similar magnitude in the discriminator's feature maps. This technique effectively normalizes
the input codes, contributing to the overall stability of the generated images. Another advance-
ment is Adaptive Discriminator Augmentation (ADA) [104], which allows for heavy augmentation
during discriminator training, preventing overfitting even with limited training data while ensuring
that these augmentations do not influence the generator’s output. Both ADA and perceptual path
length regularization contribute to a more stable underlying feature space in response to minor al-
terations in low-level image statistics. Another advancement is ADA [104], which allows for heavy
augmentation during discriminator training, preventing overfitting even with limited training data
while ensuring that these augmentations do not influence the generator’s output.

In generative modeling, explicit generative models offer an alternative to GANs by aiming to directly
represent the underlying data distribution. While these methods circumvent issues like mode col-
lapse found in implicit modeling, they tend to be more sensitive to the amount of training data, as
they need to model the entire distribution. Examples of such models include VAE [/6, 110], Flow-
based models [43, 111], and Diffusion models [41, 152].

2.2.3 Diffusion

Diffusion models, also known as denoising score matching or denoising diffusion probabilistic
models, are a new class of generative models that aim to learn the data distribution via denoising
process. These models leverage a stochastic process called diffusion to transform data samples
into noise and then learn to reverse the process, recovering the original data from the noise. Re-
cently, they have become the state of the art in image [42, 183] and video generation [/9, 196]
surpassing even GANSs.

The diffusion process can be viewed as a Markov chain that transforms an initial data sample (e.g.
animage) into a completely noisy version over a series of steps (timesteps t). At each step, a small
amount of noise is added to the data, gradually obscuring the original content. This is illustrated
in Fig 2.6. The key idea behind diffusion models is to train a DNN, typically a U-Net based CNN
[182], is trained to learn the reverse of the diffusion process (i.e. remove the noise). The goal
is to estimate the conditional distribution of the less noisy data, given the current noisy state, at
each time step t. The network learns to map the noisy input back to the original data sample by
minimizing the denoising score matching loss Lg;rr, which measures the discrepancy between
the model's predictions and the true less noisy data. This is mathematically shown below in Eq.
2.17 and 2.18.
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Figure 2.6: Displaying the diffusion and the denoising process for training a diffusion gener-
ative model.

Normally distributed noise ¢ is added to the original image I iteratively for ¢ steps. This is mathe-
matically illustrated as:

q(ze|wi-1) = N (2| v/ Fewer, (1 = o)1) (2.17)

Where ~; is the variance for the normal distribution, following a linear schedule. To generate new
samples, the diffusion process is reversed. Starting from a completely noisy version of the input,
the model iteratively denoises the data, following the learned transition probabilities in the reverse
order. Hence, DNN model (6) is then reconstructing the input as:

p(zi1|ze) = N (2113 0(200, 1), 0% (4, 1)) (2.18)

where p(x;_1|z;) is the synthesised data sample modeled as a conditional distribution on the data
distribution over ¢ steps. o denotes the transition variance which remains fixed. Consequently,
the training loss is merely the L2 distance between the actual noise added and the predicted noise.
It optimizes a re-weighted variational bound on the maximum likelihood objective, ensuring a more
accurate representation of the data distribution, defined as:

Laigs = [|we—1 — 0(z,)]| (2.19)

Compared to other generative models like GANs and VAE, diffusion models have shown promising
results in terms of sample quality and diversity. However, they typically require more computa-
tion during the generation process due to the iterative nature of the diffusion process. However,
one major drawback of diffusion models is their computational requirements during the genera-
tion process, as they necessitate multiple iterations to generate a sample. Recent research has
focused on improving the efficiency of diffusion models while maintaining their generative capa-
bilities [179].
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2.3 Self-Supervised Representation Learning

Self-supervised learning is the latest cutting-edge sub-field of Machine Learning (ML) that focuses
on training models using automatically generated supervision signals, derived from the input data
itself, rather than relying on human-annotated labels. This approach aims to exploit the vast
amount of unlabeled data available and learn meaningful representations or features from it, which
can be later fine-tuned for specific tasks using smaller labeled datasets.

Self-supervised learning methods typically involve formulating a pretext task (also known as aux-
iliary task), which the model learns to solve using the input data alone. By learning to solve the
pretext task, the model also learns useful features representations that can be transferred to other
downstream Computer Vision (CV) tasks (i.e. classification, detection, etc.). Some common ex-
amples of self-supervised pre-text approaches in CV include:

- Predicting the relative position of image patches: Given an image, the model is trained to predict
the relative position of n no. of randomly selected patches [44, 153].

+ Image colorisation: The model is trained to predict the color channels of a grayscale image,
learning spatial and semantic features in the process [260].

+ Predicting distortion: Minor distortions in an image will not alter its original semantic meaning
or geometric shapes. Consequently, images with slight distortions are regarded as equivalent
to their original counterparts, and the features learned should demonstrate invariance to such
distortions. Hence in this case, model is fed an image distored (i.e. rotated, flipped, re-coloured,
etc.) and is tasked to predict the distortion [45, 62]

Self-supervised learning has gained significant attention, as it allows models to learn from large-
scale, unlabeled data and reduce the reliance on expensive human-annotated datasets. During
self-supervised learning the model has learnt rich context-aware semantic features from the data
to solve the pretext tasks. These learned representations capture underlying patterns and struc-
tures in the data, which serve as a powerful starting point for transfer learning and fine-tuning on
downstream task.

The two most notable forms of self-supervised learning in the field of computer vision are Con-
trastive Representation Learning (CRL) (also known as contrastive learning) [28, 107, 217] and
Masked Image Modelling (MIM) [12, 73]. These methods have demonstrated significant improve-
ments in downstream tasks and transfer learning scenarios, reducing the need for large labeled
datasets.
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2.3.1 Contrastive Representation Learning

The objective of CRL is to learn useful representations by enforcing similarity between semantically
similarinstances and pushing apart dissimilar instances in the feature space. CRL can be employed
in both supervised and unsupervised contexts. In the case of self-supervised data, contrastive
learning stands out as one of the most effective techniques in self-supervised learning.

The core idea of CRL is to create positive and negative pairs of samples. Positive pairs are in-
stances that share similar semantics (e.g., two different views of the same object, or different
translations of the same sentence), while negative pairs are instances with different semantics
(e.g., different objects or unrelated sentences). The learning process then tries to maximize the
similarity between the positive pairs and minimize the similarity between the negative pairs.

A typical CRL pipeline involves the following steps:

- Heavy Data Augmentation: Apply various transformations to the input data to create multiple
views or versions of the same instance. This allows multiplication of positive pairs where a
single image can be compared with itself as a positive pair due to transformations changing the
appearence. These transformed instances will serve as positive pairs during training.

- Feature Extraction: typically a Convolutional Neural Network (CNN) is trained on these pairs
to extract high-level features or representations from the input data i.e. extract embeddings.
Once outputs are generated they are parsed into a Multi Layer Perceptron (MLP) which acts as
a projection model, reprojecting Deep Neural Networks (DNN) embeddings to vector space.

- Contrastive Loss: finally a similarity metric (e.g., cosine similarity) between the extracted fea-
tures of the positive and negative pairs, are computed. This is defined as the contrastive loss
function. It encourages the model to maximize the similarity for positive pairs and minimize it
for negative pairs. Common contrastive loss includes the Noise Contrastive Estimation (NCE)
loss [71] or the InfoNCE loss [156].

The most successful CRL algorithms [107][74] are based on SImCLR [28] Which trains a ResNet50
to conduct the following steps and contrastively learn ImageNet classes. This pre-trained model
once fine tuned on ImageNet via supervised classification task, achieves state-of-the-art (SOTA)
results. However, They utilise extremely large batch size (8192 samples per batch), which requires
intensive computational resources (in their paper 128 TPU cores were used). This is vital as the
loss function can then cover a diverse collection of challenging negative samples, enabling the
model to learn meaningful representations to differentiate various examples, only when the batch
size is sufficiently large.

An additional, key necessity is that the image pairs the model is training with must have sufficient
dissimilar samples, such that a contrastive loss can be computed. If majority of the pairs appear
similar, then the contrastive loss will be almost 0 and the model will not learn the feature distribu-
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tions to distinguish different contexts.

Overall, learning to differentiate between similar and dissimilar instances, CRL effectively captures
the underlying structure in the data, enabling the model to learn meaningful and transferable rep-
resentations without the need for explicit supervision. These learned representations can then be
used for various downstream tasks, such as classification, object detection, or natural language
understanding, often with minimal fine-tuning.

2.3.2 Masked Image Modelling

Masked image modeling is a self-supervised learning approach used in CV that focuses on learning
useful representations by predicting missing or occluded parts of an image. The idea is to train a
model to reconstruct the masked areas using the context provided by the surrounding unmasked
regions, thereby learning meaningful features and structures in the data. This leads to models with
feature representations that exhibit broad applicability across multiple tasks. This self-supervised
approach has demonstrated notable success in Natural Language Processing (NLP). [17, 133, 220]
and recently in CV too [12, 27, 73]. The general steps for masked image modeling are as fol-
lows:

+ Masking: A portion of the image is randomly masked, creating an incomplete or occluded ver-
sion of the original image.

- Feature Extraction: A Deep Learning (DL) model is trained (typically a Vision Transformer (ViT))
to extract features from the masked image. The model then learns to leverage the context pro-
vided by the unmasked regions to make sense of the image’s content.

+ Reconstruction: The model is trained to predict the occluded parts of the image.

The loss function then essentially becomes a reconstruction loss between the predicted outputs
and the ground truth image. Initial work, such asiGPT [27], involved downsizing images and predict-
ing unknown pixel values in an autoregressive fashion. More recent methods focus on predicting
full-resolution patches within an autoencoder framework [12, 73, 243]. The most recent method
Masked Auto Encoders i.e. MAE [/3] adopts a simpler method, demonstrating that direct pixel pre-
diction of masked regions using Mean Squared Error is effective when a significant portion of the
image is masked. However, all current MIM methods learn form simple classification / regression
loss functions which is low-level semantic comparison of the reconstructed image outputs (as out-
lined in Section 2.2.1). Hence, in this thesis, specifically in chapter 6 | show a way to improve MIM
by incorporating perceptual learning for boosting performance.

Overall, MIM encourages the model to learn rich representations of the data by understanding the
underlying spatial structure and context present in images. The learned representations can be
fine-tuned for various downstream tasks, such as image classification, object detection, or seman-
tic segmentation, often requiring less labeled data than fully supervised approaches.
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2.4 3D Computer Vision

3D CVis a subfield of CV that focuses on understanding, interpreting, and reconstructing the three-
dimensional (3D) structure of objects or scenes from visual input, typically 2D images or videos.
The goal is to extract spatial and geometric information from the visual data to create 3D models
or representations, which can be used for various applications, such as robotics, autonomous nav-
igation, virtual and augmented reality, 3D object recognition, and medical imaging [52]. There are
various approaches to obtain this, Fig. 2.7 shows a few strategies.
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Figure 2.7: Displaying different methods of obtaining depth

2.4.1 Structure from Motion

Structure from Motion (SfM) involves reconstructing the 3D structure of a scene or object from
a series of 2D images taken from different viewpoints. These view points can be a sequence in
a video, or from arbitrary locations. It works by exploiting the motion parallax; i.e. the apparent
change in the position of objects in the scene due to the movement of the observer (in this case,
the camera). By analysing the changes in the object’s positions across multiple images, SfM can
estimate both the camera’s motion (extrinsic parameters) and the 3D coordinates of the object
points (structure) in the scene. The main steps involved in the SfM process are:

- Feature Extraction: Detect and describe distinctive points (features) in each image. Traditional
feature detectors and descriptors can be used, such as SIFT, SURF, and ORB [52]. Or as done in
more modern approaches a DNN can be used (typically a CNN) [2717].

+ Feature Matching: Traditionally these features need to be identified in corresponding pairs of
images. Traditionally, this is done using techniques like k-nearest neighbors or matching algo-
rithms such as RANSAC to find the most reliable matches while accounting for potential outliers.
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In the DL era, this is automatically done within the model, of by development of a cost volume
[237].

- Estimating Camera Motion and 3D Points: once the matched feature points are identified, rel-
ative camera poses (rotation and translation) and the 3D coordinates of the matched points are
estimated using techniques like the eight-point algorithm, five-point algorithm, or bundle adjust-
ment [52]. This step may also involve solving the essential matrix or the fundamental matrix to
recover the camera motion and structure. In recent methods this just becomes a differentiable
loss [237]. At which point the model estimates, depth end-to-end.

- Triangulation: Traditionally For each matched feature point, triangulate its 3D position by finding
the intersection of the corresponding camera rays (projection lines).

2.4.2 Stereo Depth

Unlike SfM stereo depth is a technique used to infer depth information from two horizontally dis-
placed perspectives of a scene at a known distance (baseline). This is analogous to the way the
human visual system perceives depth using two eyes separated by a small distance. The key prin-
ciple behind stereo depth estimation is the concept of triangulation, which exploits the geometric
relationships between the cameras, the baseline, and the objects in the scene [52].

Similar to SfM process, it initiates with finding corresponding feature points in both images. Same
traditional techniques can be used, however in the DL era a CNN is utilised [24, 70, 129]. These
points represent the same object or feature in the scene. Once corresponding points are identified,
the disparity (horizontal shift) between these points in the left and right images can be calculated.
Disparity is inversely proportional to the distance of the object from the cameras i.e.

p,= Y0 (2.20)
d

Where D, is the depth, f is the focal length of the cameras and b is the baseline, the distance
between the two cameras. d is the disparity between the corresponding points. Hence depth is
estimated through triangulation. Deep learning models are end-to-end thereby not requiring trian-
gulation. The models are designed to take stereo images as input and directly output disparities.
Most work is involved in designing an architecture that best compares the differences between the
two input views.

2.4.3 Multi-view Stereo

Multi View Stereo (MVS) is an extension of stereo vision that involves using multiple images of the
same scene, captured from different viewpoints, to estimate depth or reconstruct the 3D geometry
of the scene. While stereo depth estimation typically relies on a pair of images, multi-view stereo
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leverages the additional information provided by multiple images to improve depth estimation and
3D reconstruction accuracy. The main steps in a multi-view stereo approach are:

- Capturing multiple images of the same scene from different viewpoints. This can be achieved
using multiple cameras or a single moving camera.

+ Performing feature extraction and for traditional methods; matching across all images to find
corresponding points. These points represent the same object or feature in the scene as seen
from different viewpoints. In some cases, camera calibration and pose estimation are also
needed to determine the relative positions and orientations of the cameras.

+ Constructing a cost or similarity volume that represents the matching cost or similarity between
corresponding points in the different images. This volume can be used to infer depth or disparity
information for each pixel in the reference image(s).

+ Optimising the cost or similarity volume to find the most likely depth or disparity values for each
pixel. This can be achieved through various optimization techniques, such as global optimiza-
tion, local optimization, or deep learning-based methods.

Lastly depth maps of the scene are created using the estimated depth or disparity values. In some
cases, this may involve additional steps, such as surface reconstruction, point cloud densification,
or mesh generation. Similar to stereo depth estimation DL models, many MVS dl models are end-
to-end [89, 118, 248]. The key aspect of MVS is the creation of cost volume as it stores all the
salient features for comparing the feature correspondences across the multiple frame inputs. A
lot of work in dl literature focuses on designing and experimenting with architecture design and
cost volume regularisation.

Multi-view stereo methods offer several advantages over traditional stereo vision techniques, in-
cluding increased accuracy, robustness to occlusions, and the ability to handle complex and un-
textured surfaces. However, they are also more computationally intensive and sensitive to image
quality, camera calibration, and feature matching errors.
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2.5 Clinical Research Review

Masked Image Modelling (MIM) has undergone significant technological transformation over the
past few decades. However, several challenges remain, particularly in achieving accurate depth
perception and real-time 3D scene understanding during surgery. This review will cover founda-
tional methods in robotic surgery and surgical imaging, showing how these early efforts set the
stage for recent advances in deep learning and Mixed Reality (MR) technologies, as well as how
the research presented in this thesis continues to push the field forward.

Robotic surgery has been a focal point of innovation in surgery since the 1990s, with early systems
like AESOP and ZEUS paving the way for more sophisticated robotic platforms [98]. These early sys-
tems provided surgeons with enhanced precision and control, but their utility was limited by their
reliance on 2D imaging and the absence of real-time intraoperative data. The introduction of the da
Vinci Surgical System [113] in the late 1990s marked a major advancement, as it provided surgeons
with a high-definition 3D view and improved dexterity through robotic arms. According to [162],
hand-held medical robots have shown promise in augmenting a surgeon’s dexterity and precision,
particularly in complex anatomical regions such as the pelvis and cranium. However, the da Vinci
system still relied heavily on the surgeon's manual input and had limited autonomy [145][177] and
constrained by existing imaging and visualisation technologies at that time. Achieving a better un-
derstanding of real-time dynamics in surgery could significantly improve robotic performance, par-
ticularly in fields like neurosurgery where precision is paramount. The development of autonomous
robotic systems capable of reacting to dynamic changes in the surgical environment is still in its
early stages. [174] discussed the future of autonomous robots in surgery, highlighting the need for
real-time processing of intraoperative data to improve surgical outcomes.

As robotic surgery became more widespread, researchers recognised the need for real-time depth
perception to address challenges such as tissue deformation during surgery. The lack of real-time
depth perception, makes it difficult for surgeons to differentiate between tumor tissue and healthy
tissue, particularly in complex surgeries such as tumor resections in the brain. This lack of depth
information often results in incomplete resections, which can lead to tumor recurrence. A study
by [34] on image-guided interventions provided a framework for enhancing 3D scene understand-
ing in real-time during surgery. They emphasised the potential for intraoperative imaging to guide
surgical tools more accurately, particularly in delicate procedures such as brain and spinal surgery.
Early efforts to enhance depth perception in Minimally Invasive Surgery (MIS) relied on stereo en-
doscopy [197, 201] and intraoperative ultrasound. Early algorithms, such as graph cuts and dy-
namic programming [29, 158], attempted to improve depth accuracy by optimising for smoothness
constraints across pixel disparities. While these methods provided some improvement, they were
hindered by poor resolution and a lack of robust depth cues, making it difficult for surgeons to navi-
gate complex anatomical structures. More recently, deep learning approaches have revolutionized
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depth estimation in surgery. Methods like SuPer Deep [135], a deep learning-based framework,
address the limitations of traditional stereo matching algorithms by using neural networks to ac-
curately estimate depthin real time. Similarly, research presented in this thesis on depth estimation
through deep learning builds on these advancements by incorporating occlusion handling and tem-
poral consistency, allowing for more accurate and reliable depth maps in dynamic surgical settings.
This represents a significant leap forward from earlier methods, as it allows surgeons to navigate
more confidently in minimally invasive procedures, reducing the risk of incomplete resections or
accidental damage to surrounding tissues.

In the early stages of robotic surgery and MR applications, occlusion was managed through straight-
forward techniques such as stereo endoscopy and optical tracking systems (OTS). These systems
often relied on fixed camera angles or manual adjustments by the surgeon to mitigate occlusions
caused by surgical tools or other anatomical structures. For example, early image-guided surgery
systems like StealthStation by Medtronic provided static overlays of preoperative images onto the
surgical field, but they lacked real-time updates and could not handle dynamic occlusions. Re-
cent advancements in occlusion handling have moved away from static solutions toward dynamic
systems that leverage real-time data and sensor fusion to better navigate complex surgical environ-
ments. Recent advancements in occlusion handling [240] have moved away from static solutions
toward dynamic systems that leverage real-time data and sensor fusion to better navigate complex
surgical environments. [221] introduced a full-perception robotic surgery environment designed to
address occlusion through a global-local joint positioning framework. This system integrates data
from multiple sources to continuously track the positions of surgical instruments and anatomical
structures, allowing it to dynamically adapt to occlusions as they arise during surgery. Another
innovative approach comes from the work on Surgical-DINO, which applies deep learning for depth
estimation in endoscopic surgery [38]. Although primarily focused on depth estimation, Surgical-
DINO also addresses occlusion by using advanced vision transformers to predict occluded areas
and reconstruct the hidden parts of the surgical scene. This allows for more accurate visualisa-
tion of surgical tools and tissues, even when parts of the scene are temporarily blocked by other
objects.

The research presented in this thesis continues this trend of integrating real-time data with ad-
vanced machine learning models to handle occlusion. By developing deep learning models that
not only estimate depth but also predict and reconstruct occluded areas.
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2.6 Challenges of Deploying Deep Learning

Deploying deep learning models in real-world applications presents a unique set of challenges,
which can be broadly categorized into computational requirements, data issues, model interpretabil-
ity, and robustness

- Computational requirements: Deep learning models have grown in size, with top-performing
models containing hundreds of millions to billions of parameters [18, 253]. This demands sub-
stantial computational resources for training and inference, posing challenges for deployment
on low-power or resource-limited devices like mobile phones or Mixed Reality (MR) headsets.
Technigues such as model pruning, quantization, and knowledge distillation help reduce model
size and computational requirements without major performance loss. However, these meth-
ods may not yield consistent results for all model types. Furthermore, hardware accelerators
like GPUs and TPUs have become essential for fast matrix multiplication but may not always be
available and can incur significant costs. [190]

- Dataissues: Deep Learning (DL) models are very data hungry which can be time-consuming and
expensive to collect and annotate. Acquiring representative data samples for every possible sce-
nariois oftenimpractical, leading to models with reduced generalisation capability. Furthermore,
even though Transfer learning, few-shot learning, and data augmentation techniques can help
alleviate this issue; data-drift is a consistent problem [3]. This where the data distribution of the
real world during inference is different from training, causing a domain shift effect. This causes
model performance to drop. Furthermore, data privacy concerns may limit access to data in
the first place, which inhibits deployment and growth of new methodologies. Current strategies
rely on federated learning or differential privacy as a way around it, however these are still in
research and development phase [176].

+ Model Interpretability: due to the nature of hierarchial and deep hidden features in DL models,
they are often seen as "black boxes”, lacking transparency in their decision-making processes.
This lack of interpretability can hinder the adoption of deep learning models in safety-critical or
regulated industries such as medicine and surgery, here understanding the model’s rationale for
a particular decision is crucial and affects patient health. Techniques like integrated gradients
[186] and attention [128] can be used to help build trust in model's outputs, though this is still an
ongoing research field.

- Robustness: DL models are sensitive to adversarial attacks, input perturbations, or distribution
shifts, which can lead to unexpected or undesirable outcomes [137, 159]. Ensuring robustness
is a significant challenge, particularly when deploying models in dynamic or changing environ-
ments. Techniques like adversarial training, data augmentation, and domain adaptation can help
improve model robustness, but guaranteeing complete robustness remains an open research
question.
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Lastly, in some cases there are ethical considerations to take into account (depending on appli-
cation). This is particularly important in clinical field, where any DL model output / subsequent
decision making can severely impact patient’s health. Furthermore, presence of infrastructure that
ethically stores data and maintains user and patient privacy is crucial, which is an on-going de-
velopment. Additionally, DL models can inadvertently learn and perpetuate biases present in the
training data, leading to unfair or discriminatory outcomes. Ensuring fairness and addressing ethi-
cal concerns are critical challenges when deploying these models. Techniques like fairness-aware
machine learning, re-sampling, and re-weighting can help mitigate biases, but it is essential to con-
tinuously monitor and evaluate the model's impact on different demographic groups.

Given that the work in this thesis is based on 3D Reconstruction of scenes, and no testing was
performed in a surgical theatre nor on a patient; ethics did not create a barrier to test on videos in
the wild nor on open source datasets designed for experimentation. For any testing done on my
personal videos i.e. from the phone and/or MR headset; | formally had given and give consent for
use.
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Chapter 3

See-Through Vision with Unsupervised
Scene Occlusion Reconstruction in
Videos

In this chapter | address the first problem outlined in Introduction: Occlusions. The
presence of surgical tools and constant deformation of anatomical structures leads to
ambiguous and erroneous depth perception. Additionally, issues caused by instrument
blockages or bleeding through small incisions can hinder the surgeon’s view of the sur-
gical field. This decreased visual acuity contributes to the comparatively lesser adop-
tion of minimally invasive approaches in neurosurgery and adoption of technologies like
Mixed Reality (MR) to boost precision. Hence, the first task of my PhD was to create a
method that can remove occlusions in a video recorded during surgery. To remove occlu-
sions a Machine Learning (ML) model must understand the spatial scene context (from
neighbouring pixels not occluded) including their relation in a temporal context (change
in occlusion throughout a video sequence). Hence, the work presented in this chapter
focuses on techniques from generative modelling to learn such spatio-temporal feature
representations of a video. These features are then used to reconstruct the scene with
the occlusion removed. | created the first online deployable occlusion removal Deep
Learning (DL) model for surgical scenes, which generalised to natural scenes (without
needed to train on it). The proposed method is the foundation of the work presented in
the succeeding chapters (4-7) which follow the same theme of feature representation
learning in a self-supervised manner to boost performance in different Computer Vision
(CV) tasks. This feature representation learning is vital in surgery as it forces the model
to learn a generalisable data distribution which can then be fine-tuned for specific use
cases. The key learning elements of this chapter which aids in the succeeding ones are:
a loss function for learning high spatial fidelity, video temporal dynamics and model ar-
chitecture design for handling sequential inputs and sequence-to-sequence translation.

The work in this chapter was published in the IEEE Transactions on Pattern Analysis and Machine
Intelligence (PAMI) in July 2022 [219]. Furthermore, it has also attained a patent for being a radical
new computer vision technology capable of enhancing surgeon's visibility during operation.
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3.1 Overview

Among the greatest of the challenges of Minimally Invasive Surgery (MIS) is the inadequate visuali-
sation of the surgical field through keyhole incisions. Moreover, occlusions caused by instruments
or bleeding can completely obfuscate anatomical landmarks, reduce surgical vision and lead to
iatrogenic injury. The aim of this work is to propose an unsupervised end-to-end deep learning
framework, based on Fully Convolutional Neural networks to reconstruct the view of the surgical
scene under occlusions and provide the surgeon with intraoperative see-through vision in these
areas. A novel generative densely connected encoder-decoder architecture has been designed
which enables the incorporation of temporal information by introducing a new type of 3D convolu-
tion, the so called 3D partial convolution, to enhance the learning capabilities of the network and
fuse temporal and spatial information. To train the proposed framework, a unigue loss function has
been proposed which combines feature matching, reconstruction, style, temporal and adversarial
loss terms, for generating high fidelity image reconstructions. Advancing the state-of-the-art, our
method can reconstruct the underlying view obstructed by irregularly shaped occlusions of diver-
gent size, location and orientation. The proposed method has been validated on in vivo MIS video
data, as well as natural scenes on arange of Occlusion-to-Image Ratio (OIR) ratios. It has also been
compared against the latest video inpainting models in terms of image reconstruction quality us-
ing different assessment metrics. The performance evaluation analysis verifies the superiority of
our proposed method and its potential clinical value.
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3.2 Introduction

MIS offers several advantages over traditional open surgery including less postoperative pain,
fewer wound complications and reduced hospitalisation. However, it comprises of multiple chal-
lenges, among the greatest being inadequate visualisation of the surgical field through keyhole
incisions. The human body has a complex anatomical structure, often deformed by disease and
shifting during an operation, which makes navigation difficult. Moreover, the surgical field can be-
come occluded by instruments or bleeding. The effects of such occlusions are exaggerated when
working in confined spaces, such as the brain, or in children, where even slender instruments or
moderate bleeding can completely obfuscate anatomical landmarks. The dangers are obvious and
reduced surgical vision has been reported as a reason for the comparatively limited uptake of min-
imally invasive approaches in neurosurgery and paediatric surgery respectively [91]. The clinical
corollary is that technological interventions that reconstruct occluded parts of the surgical field,
and therefore enhance surgical vision, may improve surgical safety.

Thus far, methods based on inpainting have been proposed for image occlusion reconstruction
and object removal. Inpainting the task of image completion, i.e. given an image that is dam-
aged or suffering from empty pixels, the aim is to restore the image by filling these empty regions.
The reconstructed regions must contain visually plausible information that matches the spatial
statistics of the rest of the image. Inpainting methods can be classified into image or video based
approaches. In the former case, a single image is processed and the spatial statistics of the input
data are learned. However, when video sequences are processed, inpainting each video frame inde-
pendently can not encode the temporal connections between the video frames which may produce
results with no temporal consistency. To overcome this issue, video inpainting methods incorpo-
rate temporal information to deal with complex motions and the essential requirement of temporal
consistency. Although video inpainting methods have higher computational complexity compared
to image inpainting, they provide more accurate reconstructions due to the incorporation of prior
information available in the previous frames. Recently, deep learning has been extensively used for
inpainting, displaying significant progress in the field.

To this extent, the aim of this work is to use Deep Neural Networks to reconstruct occluded surgi-
cal scenes online by formulating the occlusion reconstruction as a video inpainting task. A novel
fully convolutional architecture the so called See Through Vision network (STV-Net) is proposed
based on a dual input stream encoder and a single decoder. The first stream aims at learning
spatio-temporal features from a sequence of input frames, via 3D convolutions. More specifically,
a new type of convolutional layer, the 3D partial convolution layer is introduced. The second stream
utilises the optical flow between the current candidate frame to be reconstructed and one frame
prior to it in the past. Using dense connections between the encoder and the decoder, the proposed
network can generate high fidelity reconstructions of occluded areas in video frames. Furthermore,
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a custom loss function has been designed to tune the model which enables the generation of tem-
porally consistent reconstructions. This ensures that the model is generalisable to other types of
scenes, without the requirement of fine tuning or re-training. For the method to be invariant to
the shape, size, location and orientation of the occluded area, the model is trained with randomly
generated masks following the example of [132]. The proposed method takes as input preceding
frames from the current for reconstruction hence, recovering occlusions online

3.2.1 Contributions

The contributions of this work are:

1. A novel densely connected fully convolutional encoder-decoder network has been devel-
oped which combines 3D and 2D convolution operations to allow learning from volumetric (i.e.
sequence of video frames) and single image data, respectively.

2. A3D partial convolution layer has been introduced to learn from volumetric video data.

3. A bespoke loss function has been designed combining adversarial, reconstruction, percep-
tual, style and temporal losses to attain accurate and temporally coherent occlusion recon-
structions on video data.

4. The proposed model is trained in an unsupervised way, using random irregularly shaped
masks of varying OIR.

5. Our method is invariant to the shape, size, location and orientation of the occluded areas
as well as, the nature of the scene as it can recover occlusions on both MIS data and natural
scenes with no additional training or fine tuning.

6. To the best of our knowledge this is the first online video-based approach to reconstruct
occluded areas in surgical scenes.

The performance of the proposed method has been evaluated both on MIS data and natural scenes
in terms of image quality by estimating the L1 error, Peak Signal to Noise Ratio (PSNR), Structural
Similarity Index (SSIM) and lastly, Inception Score (IS). Additionally, the temporal consistency of
the generated reconstructions has been assessed based on flow warping photometric error. The
method has also been compared to state-of-the-art deep learning-based online video inpainting
approaches. Currently, the proposed method is capable of processing 24 frames per second on an
NVidia P100 Tesla, for input images of size 256 x 256.
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3.3 Related Works

This section identifies and describes the relevant literature that aims to address the issue raised in
the introduction.

In literature, approaches to reconstruct occlusions are mainly based on image inpainting. Image
editing methods such as, PatchMatch [13] interpolate the pixel values for the occluded region using
the surrounding visible parts of the image. However, these methods do not consider the seman-
tic information of the image such as texture, producing smoothened inpaintings which are distin-
guishable from the original image. Recently, deep learning-based methods have been proposed for
image inpainting. In [132], the introduction of the 2D partial convolution layer, derived from regular
convolutions, enabled the network to identify the information to use for inpainting. Binary occlusion
mask are created to define the occluded and visible pixels. The convolution operation is performed
on the input image, and its output feature map is multiplied by the occlusion mask before passing
onto the next layer. However, the occlusion mask is progressively updated by converting its pixels
corresponding to the reconstructed pixels in the output feature maps to visible. This allows the
generation of the output image to be done in a hierarchical manner. Other deep learning-based
methods which have been introduced recently utilise deep CNNs conjoint with adversarial training
[252] and [38].

For medical images, image inpainting methods have been based on the Mumford-Shah functional
[50], which segments the image into regions of different smoothness level, thereby using the sub
region statistics for inpainting. Their main drawback is that they are limited to only performing in-
painting on small synthetic occlusions such as straight-line drawings on brain Magnetic Resonance
Imaging (MRI) images. Recent learning-based models [10], [199] are based on the generative ad-
versarial modelling approach and have been tested on regular shaped occlusions such as, square
image patches. These models have been only used to inpaint either 2D x-ray scans or MRl images
and they have limited applicability since in real scenarios, occlusions come in varying shapes, sizes
and orientations. All of the above methods inpaint, instead of reconstructing the underlying image
structure and for OIR greater than 40%, their performance deteriorates and they ultimately produce
blurred inpaintings. Moreover, none of the above inpainting methods utilise temporal information
for scene reconstruction.

To incorporate temporal information, video inpainting has been proposed. Due to the additional
time dimension, challenges such as, viewpoint changes, temporal inconsistency and high computa-
tional complexity are introduced. Earlier methods in literature extended the PatchMatch framework
for video inpainting i.e. 3D based PatchMatch. More specifically, [238] considered video inpainting
as an optimization problem such that the occluded regions could be filled with similar patches from
the visible areas around it. This has been further developed by [86] which tackled the issue of cam-
era motion by incorporating optical flow estimation for these patches of interest. However, these
methods have limited applicability as they are based on the assumption that repetitive patches
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appear in previous frames of the video. Furthermore, performing a 3D based PatchMatch method
for video is highly computationally expensive rendering these methods unusable for real-time in-
painting. Therefore, the above methods are not suitable for surgical applications where real-time
performance is required and long occurring occlusions due to the presence of surgical tools or
blood are prevalent.

Recently, deep learning-based methods for video inpainting have been introduced. The work in
[108] proposes a fully convolutional network with a recurrent module, for performing the inpainting
task. It is based on optical flow for generating temporal consistency. The method takes as input
the current frame to inpaint, and a set of past and future reference frames to learn scene repre-
sentations. Hence, the limitation of this method is that it can not run online as it requires future
frames as input.

A more recent video inpainting method proposed in [123], utilises a 2-stage process namely, an
alignment process and a context matching process. The alignment process aligns similar pixel
patches between the current frame and previous frames. Then, the context matching process
aims to find similarities between reference frames and the candidate frame. The neural network
essentially learns to copy the relevant pixels through and paste it onto the candidate frame. How-
ever, since the method learns to copy and paste the relevant pixels with high similarity, this can
become troublesome for scenes with non-uniform appearance or non-repeating patterns and vary-
ing illumination conditions.

The video inpainting model proposed in [25] employs 3D gated convolutions and uses an adver-
sarial training procedure to enhance temporal consistency in the reconstructed frames via the in-
troduction of a temporal discriminator. Furthermore, occlusion masks of reqular shapes, ellipses
and lines are randomly generated. These masks are assigned a movement trajectory for creating a
motion-based mask dataset, imitating the movement of the occluded regions in a video. However,
they don't necessarily capture the broad nature of potential occlusions due to the limited variability
in shapes.

In this chapter, the STV-Net is proposed which is an unsupervised video-based approach for online
occlusion reconstruction. An adversarial training approach is followed, comprising of three net-
works, one generator and two discriminators. The generator is the model that performs the recon-
struction operation, whereas both discriminators are utilised for training purposes only. The gen-
erator is an end-to-end fully convolutional densely connected deep encoder-decoder network. The
network takes as input a sequence of frames, including the candidate frame to be reconstructed.
The inputs are processed through two separate streams. Stream 1 encodes features for recon-
struction and stream 2 encodes features for flow displacement using optical flow. The encodings
from each streams are combined together in the decoder, which learns to hierarchically recon-
struct occlusions, generating images that are temporally coherent with the past frames and have
high spatial fidelity. Additionally, 3D partial convolution layers are introduced to allow the model to
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learn spatio-temporal features. The model is trained in an unsupervised way with occlusion masks
of random shapes, size and locations to enable the method to be invariant to the occlusion type. No
labelled or ground truth data is required. To the best of our knowledge this is the first video-based
occlusion removal approach for surgical scenes.
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3.4 Methods

The method consists of a generator G' and two discriminators, a spatial discriminator Dg and a
temporal discriminator D7. The generator, reconstructs a video frame at time ¢ given a sequence
of S frames from the past. The generator in this work is a novel fully convolutional architecture
comprising of both 2D and 3D convolutions. Furthermore, a bespoke loss function has been de-
signed that integrates several loss terms, including an adversarial loss term. Thus, requiring the
discriminator networks for adversarial training.

3.4.1 Model

The proposed generator model comprises of an encoder and a decoder with skip connections
between them, similar to U-net [182]. The encoder performs downsampling, creating low resolu-
tion feature encodings, which are later upsampled by the decoder to reconstruct the unoccluded
scene. Residual connections between the encoder and decoder are preferable over other standard
encoder-decoder structures due to it's symmetric upsampling path, enabling precise localisation
of features. The overview of the generator model GG architecture is shown below in Fig 4.1, a more
detailed view is shown in Fig 3.2. Furthermore, two additional models, the spatial and temporal
discriminators are trained simultaneously. The discriminators are deep convolutional networks
which learn and downsample the data up to the last layer where binary classification is performed.

3D Encoder 2D Decoder
e meme Bottleneck TmmTmmmmomemmeen

( ( 8 layers of decoder)

stream; >
Simultaneously Inpaints &
warps the frames
sequentially
streampo A

o mm mm mm mm Em mm mm mm mm Em mm mm mm mm e mm mm e mm e mm mm mm

Figure 3.1: Overview of the proposed generator G model. Solid lines are forward propagation
and dotted lines are skip connections. All connections related to stream; are colour coded
in magenta, and similarly for streams in green

3.4.1.1 Generator

The encoder is made of two input streams to allow the learning of both spatio-temporal features
from the sequence of frames and flow displacement between the candidate frame and frames in
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Stream 1: Inpainting Encoder Decoder

RGB Frame;]—»

Figure 3.2: The generator G model. In the encoder stream, the red, green and yellow blocks denote
convolution filters of size 7x7x3, 5x5x3 and 3x3x3, respectively. The blue blocks between the skip
connections of stream; are bottle neck layers. In the decoder, all convolution filters are 2D. The
solid lines show forward propagation and the dotted lines are skip connections.

the past. stream, takes as input a sequence of video frames, where the last frame is the candidate
frame to be reconstructed. Given that the frame to be reconstructed is at time ¢, the frame sequence
in the time interval [t — S : t] is considered for processing. In our work, the frames in the past are
sequential although this is not necessary.

The stream; encoder learns the relevant features for inpainting the candidate frame based on
the sequence of past input frames. The features encode both the spatial information from the
candidate frame to be reconstructed and the temporal information from the past sequence, as
shown in Fig. 3.2. This enables the model to learn the relevant information conveyed in the past
frames to reconstruct the candidate frame. To allow the processing of temporal volumetric data, 3D
partial convolutional layers are introduced in this work and incorporated into the proposed stream;
encoder. Similar to the 2D partial convolution operation [132], the 3D partial convolution is defined
as:

WT x (X ®M) x ;j‘n’:”((]\% +0, if sum(M) >0

output = (3.1)

0, otherwise

where, W1 is the 3D convolution filter that learns the weights for the task, b is its corresponding
bias, X is the input data and M the corresponding binary occlusion mask.

In streams, an external optical flow network is used which acts as a catalyst for training the en-
coder of stream, and the decoder. In our experiments, the FlowNet [51] was used. It takes as input
the candidate frame at time ¢ and one frame prior to it at time ¢ — 1, to generate an optical flow map.
This map is later scaled to create a pyramid such that it can be used in each layer of the decoder
to warp the reconstructed frame to the previous frame to enforce temporal consistency. Note, the
flow maps are not used as input into the network, but only to teach it to warp the reconstructed
frame hierarchically in the decoder.

The feature maps from each layer of stream, (8 in total) are extracted and parsed by the decoder.
This allows the decoder to conjointly learn the features for inpainting and for warping the output
such that it is temporally consistent with the previous frame. The extraction of these maps also al-
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lows retaining the learnt information from each encoding layer throughout the forward propagation
process.

The feature maps from the stream; skip connections are 4D tensors of dimension (sequence x
height x width x channels). However, these need to be compressed for reduction in computational
memory and to form an output image which is a 3D tensor of dimension (height x width x channels).
For this purpose, bottleneck blocks are used in the skip connection of each stream layer, as
shown in Fig. 3.2. These blocks consist of a series of 1x1x1 regular 3D convolutional layers. The
1x1 convolutions are favourable due to their ability to reduce the depth dimension of the extracted
feature maps while learning from the input data, enabling a “learnable” compression [206]. The
feature maps from streams do not require compression as they are already 3D maps.

3x3 Conv Output feature \

map

Stream 1 Skip .
Connection

o) (2]
T ®
S g
l % Py Concatenate
. 2= Forward
Stream 1 Forward Bilinear O £ propagated
Propagation Upsample

;
1
: to next layer
1

Reconstructed
Flow map ! Candidate

_ _ Backward Frame (1)
redicte Used for flow
\ > Previotz/ warping loss

Frame (t -1

Figure 3.3: The decoder block. All connections from stream, are colour coded in magenta
and for streamsy in green. All the layers with learnable weights are 2D and are yellow.

In the decoder layer, there are two pathways as shown in Fig. 3.3. In stream; pathway, bi-linear
interpolation using scale factor of 2 is performed on the forward propagated feature maps, followed
by concatenation with the skip connection feature maps. Using 3x3 2D convolution the output
feature map is produced which is then converted to a downsampled version of the reconstructed
candidate frame using 1x1 convolution. This reconstructed frame and the output feature map are
later concatenated and propagated forward to the next layer. In streams pathway, the optical flow
map is scaled to match the size of each decoder layer. By performing backward warping on the
reconstructed frame with this flow map, generates the predicted previous frame which is later used
to compute the warping loss.

streamsy and its respective connections are only required during training, as they act as a cat-
alyst for learning warping. The reconstructed previous frame generated via streams in the de-
coder, goes through an unsupervised warping loss as explained in Section 3.2. This loss when
back-propagated will update the convolution weights in both the decoder and encoder via gradient
descent, such that the output feature maps and reconstructed frames generated in the decoder
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are temporally consistent with the previous frame. Since streams is used only during training,
the proposed model does not rely on optical flow during inference. Furthermore, through hierar-
chical skip connections from the respective encoder layers, the reconstructed candidate frame is
refined spatially at each forward pass. The final output of the decoder is a single image. Since,
all the feature maps from the encoder streams are retained throughout the decoder stage, there
are dense connections between the encoder and the decoder. These connections allow no loss of
information by the network which is exploited by the decoder for reconstruction.

3.4.1.2 Discriminators D

The goal of both discriminators is to perform binary classification, to determine whether the input
data is real (label 1) or fake (label 0) where the inputs are the generated and ground truth unoc-
cluded images. Hence, the objective of the generator, is to fool the discriminator such that the
output of the discriminator given the generated image is always closer to 1. The spatial discrimi-
nator Dg, evaluates a single frame content and structure, optimising for high spatial fidelity. The
temporal discriminator D, evaluates a sequence S of frames, to ensure G learns the temporal
dynamics of the input video, which Dg alone fails to capture. The network architecture for Dy is
the pre-trained VGG network [195] with the final layer replaced for fine tuning. The Dy architec-
ture is an eight layer 3D sequential convolutional network. Both the discriminators must be trained
simultaneously.

3.4.2 Loss function

To successfully train this model separate loss functions are defined for the generator and the dis-
criminator. The generator loss function designed in this work aims at integrating multiple aspects
of image reconstruction quality namely, pixel-wise reconstruction accuracy, image generation qual-
ity, feature matching and temporal consistency. Hence, the loss function combines adversarial,
reconstruction, perceptual, style and temporal losses as explained below.

The first term of the generator loss function is the adversarial loss. It is based on the relativis-
tic Least Squares GAN [95] which forces the generator to create high quality images that fool the
discriminator. Since, a neural network (the discriminator) is utilised in this loss component, it en-
ables the generator to learn high level feature representations inherently, which other losses can
not enforce. Considering the generated output of the model, G, and the ground truth unoccluded
image, GT..,., the adversarial loss is mathematically defined as:

Leax = 3E(D(GTur,) ~ D(Cous) + 17 (3.2)

—|—%E[<D(Gout) - D(GTcurT) - 1)2]

where, D is the discriminator. Since our network includes a spatial Dg and a temporal Dy dis-
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criminator, the adversarial loss is defined as:

Laao = Lgan + L an (33)

Where, the superscripts denote the respective discriminator.

The reconstruction loss is defined as the L1 error between the generated output G,,; and the
ground truth unoccluded scene GT.,... Similar to [132], it is estimated separately for the visible
and occluded components of the scene. The aim is to ensure that G, still matches GT.,,.. under
the occlusions (L,..) whilst not distorting the original visible components from the input (Ly;siie)-
Hence, the L1 error for the occluded and visible regions is calculated as:

Locc = H(l - ’ITLCLS]{Z) @(Gout - GTcurrent)Hl (34>

Lvisible == Hmask; @(Gout - GTcurrent)Hl (35)

To further improve the visual aspect of the reconstructed output, the content perceptual loss
[94] has been incorporated into our loss function. This term represents the dissimilarity between
the feature representations of G,,; and the features of GT.,,,. It forces G to learn the same
feature distribution as found in the ground truth scene of the current frame. In this work, we further
modified this loss to ensure that the generated output G, also resembles the temporal features
of the previous unoccluded frames in the sequence. This loss is defined as:

LPETC = Lgerc + sz;erc (36>
Llfm is responsible for enforcing spatial feature matching with GT.,,.. and it is given by:
N-—1
Lferc = Z ||Dg<Gout) - Dg(GTcurr)Hl (3-7>
n=0

+| |Dg(GfUS6d) - Dg(GTcurr) | |1

out

where, D% is the n” layer feature map of the spatial discriminator. G is created by overlay-

ing the visible (unoccluded) parts from the input on G,,;. Using VGG as our spatial discriminator,
reduces the computational complexity of our system, as no additional networks need to be incor-
porated for Dg, and the rich feature maps of VGG are still retained. The term LT is responsible

perc
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for enforcing temporal feature matching and it is defined as:

perc Z | |Dn ZZZ — Dy (GTcSuegr) | |1 (38>

+||Dn<Gseqfused) D (GTseq )||1

out curr

where, the superscript seq denotes a sequence of each of the variables G,,; and GT,,,,. Itis
created by storing the .S past frames in a queue structure where S = 10 in our work. D7 is the n'"
layer feature map of the temporal discriminator. Since D directly learns the temporal features for
the sequences via 3D convolution, perceptual loss is computed in a single forward pass. This fea-
ture matching with the discriminators directly also aids with optimising the adversarial loss faster.
Since, the feature maps from G, resemble GT,,,, more over time due to L,y,.., the discriminators
are fooled quicker.

The style loss [94] is considered for performing neural style transfer between two frames. This is
vital for learning texture representations from the ground truth. Similar to L,.,. we conduct this
loss in both spatial and temporal domain as:

LSt?Jle = Lstyle + Lstyle (39)
Where L3, is defined as:
Liiyte = Z 14 (D§(Gour)) = ©n(DS(GTeurr)) I (3.10)
+H¢n<Dn(Gﬁf€d)) - Q/Jn(Dg(GTcuw))Hl
Similarly, L, is defined as:
Lipye = Z 19 (D§(Gout)) — ¢n(Dg(GTE ) (3.1)

+Hwn(Ds(Githf““d)) — n(DS(GTER))I
where 1), are the gram matrices. For L7, styie We feed the sequence input as a batch of samples to
enable calculation of the gram matrix.

A warping loss has also been incorporated. While L, . enables learning temporal consistency in
the feature space, the warping loss is used to learn temporal consistency in the pixel space. The
warping loss is defined as the Structural Similarity Index (SSIM) [232] between the warped G
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and the ground truth scene at ¢ — 1:

O . SSIM(GT". . BW(G" . Fn
Lwan _ EnN:1 ( prevN ( out’ * t 1:>t)) (3.]2)

where, BW is the backward warping function, F;_;—; is the optical flow from¢ — 1to ¢ and n
is the respective scale. O is the occlusion mask, estimated using the range-map method [229]
to include in the estimation of the loss only the valid pixels present in both images, excluding
occlusions/disocclusion. All the temporal losses are vital, otherwise image-to-image based recon-
struction without temporal coherence results in flicker artifacts due to mismatch of image patches
caused by objects moving within the scene.

Lastly, we incorporate the total variation loss L, which acts as a smoothing penalty, enabling
spatial smoothness and eliminating artefacts around the reconstructed regions. Similar to [132],
this term is defined as the L1 loss, between adjacent pixels within the reconstructed image. Our
final loss function for the generator is as follows:

LG = 61Ladv + 52Locc + 63Lvisible (313>
+54Lpe7"c + 55Lstyle + 56Lwarp + 57Ltv

The delta values above are found through training as explained in detail in Section 4.

The losses for both discriminators are identical, involving a classification loss. In the proposed loss
function, the relativistic GAN discriminator loss has been employed [95], and more specifically the
least squares version [139]. In contrast to the standard discriminator, the relativistic discriminator
estimates the probability of how real the generated data appear relative to real data and vice versa.
Mathematically expressed as:

L = L B{(D(C T arrene) ~ D(Cot) — 1) (3.14)

+5 E[(D(Gout) = D(GTeurrent) + 1)°]

1
2
Thus, the aim becomes not to classify, but to increase the probability of the generated data ap-

pearing, realistic relative to real data. The losses for the spatial and temporal discriminators are
denoted as L3, LE, respectively.

3.4.3 Implementation Details

Our training dataset includes videos from the Hamlyn database only while, the EndoVis and Davis
databases plus, the unseen sequences from the Hamlyn database were used for testing. Individual
image frames were extracted from the videos and resized to 256 x 256 pixels. A total of 39 distinct
videos were used for training, equating to (144,798 frames) and 15 distinct videos were used for
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testing (19,631 frames).

The videos frames were processed sequentially. For the EndoVis and Davis data, we dilate the
segmentation mask defining the occlusion by a disk of size 15 pixels to enlarge the occluded region.
Then, the visible parts of the original input image (un-eroded mask) are fused onto the occlusion
reconstruction output. This is to remove any artefacts formed around the borders of the occluded
regions. However, the dilation rate is an arbitrary variable and can be chosen by the user upon
experimentation.

The model was not trained on explicit masks. Instead, random occlusion masks of varying size,
orientation and OIR, were created during training using the irregular masks training set [132]. In
addition, random augmentations were performed on these masks involving, rotations (in the range
[0, 90] at 25intervals) and flipping. All occlusion masks, are in the form of binary masks, where 0s
correspond to occlusions and 1s to visible image parts. Performing element wise multiplication
between a binary mask and the original image results in an occluded image. Both the previous
frames and the current frame were occluded with a random mask. Thus, the network, had to learn
to reconstruct the video with the relevant spatio-temporal information learnt from both encoding
streams. In the generator loss function, the weightings d1, 09, d3, d4, 05, d6, 07 are set 10 0.5, 6, 2,
0.08,100.0, 0.7, 1.0, respectively. Adam optimizer is used with a learning rate of 0.0002 and beta
coefficients of (0.5, 0.999). A batch size of 1 was utilised and convergence was achieved by an
average of 300,000 iterations (3 epochs).
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3.5 Results & Discussion

3.5.1 Validation Datasets and Performance Metrices

The proposed framework has been extensively validated on both MIS data and natural scenes. This
includes videos available at the Hamlyn Centre video database [61] as well as, the EndoVis2017 [7],
EndoVis2018 [8] and DAVIS2017 [169] datasets. The method has been tested using a range of OIR.
The performance of our occlusion recovery method has also been compared to two state-of-the-
art online video inpainitng methods namely, the CPNet [123] and GateTemp[25]. These methods
were selected as they were the latest ones at the time of this work. The performance evaluation
is based on a number of quantitative measures including, L1 error, PSNR, the SSIM, IS and lastly
temporal consistency. L1 error is the direct pixel difference between the generated output and
the ground truth hence, lower values denote less error. PSNR is similar to Mean Square Error
(MSE) however, MIS is dependent on the image intensity scaling whereas PSNR eradicates this
problem by scaling MSE to the image range. Higher values signify greater signal to noise ratios in
the reconstructed images. SSIM measures similarity between two input images by comparing 3
components; mean, variance and cross-correlation over small patches of the image. Higher values
of SSIM signify greater structural similarity between the generated image and the ground truth
patches. The fundamental idea of IS is that the feature distribution of the generated image and
the ground truth must be as close as possible, therefore, the higher the IS value the better. Lastly,
temporal consistency is evaluated in the form of photometric error, as in Eq. 3.12.

3.5.2 Performance Evaluation on MIS Data

In this Section, the performance of the STV-Net is analysed and compared to the state-of-the-art
(SOTA). The ability of the proposed method to recover occlusions due to the presence of surgical
tools in the scene is shown on various MIS sequences in Fig. 3.4. As it can be observed, the
proposed model generates high quality outputs for all the video sequences.

In Sequences 4 and 5 it can also be observed that the method can successfully recover occlu-
sion even from highly irregularly shaped masks, and still learn the relevant information from the
previous visible regions and the spatial statistics of the current frame. As shown in Sequence 4,
even when the majority of the image is occluded (OIR set to 60-70%), the model still generates
temporally consistent high fidelity reconstructions. It is interesting also to highlight that with the
STV-Net model lighting is inferred well, despite the presence of large occlusions. Scene areas with
different lighting conditions are accurately reconstructed. Similar conclusions can be derived from
Sequence 5 where random occlusion masks of smaller size (OIR set to 30-40%) have been applied
on MIS data.

The performance of the proposed occlusion recovery method is qualitatively compared to the CP-
Net [123] and GateTemp [25] approaches in Fig. 3.5. As it can been seen, the proposed method
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Unsupervised Scene Occlusion Reconstruction

Sequence Ref

Sequence 1

ey

Sequee 3\

7

Figure 3.4: Occlusion reconstruction for MIS sequences where, rows a display the original
candidate frame, b the input masked frame and ¢ the reconstructed output. Sequence Ref
shows the reference frames for Sequences 1,2 & 3. Sequences 4-5 were occluded by random
synthetic occlusions on the entire video with OIRs ranging from 60-70% & 30-40% respectively.
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on

Figure 3.5: Comparison of qualitative results on a sample of consecutive frames from the
EndoVis2018 data, presented in each column. a the original candidate frame, b the input
masked frame and ¢ the reconstructed output from the proposed model,d output from [123]
and e output from [25].
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outperforms the other deep video inpainting models by accurately regenerating the scene details
hidden behind the occlusion. GateTemp generates a lot of artefacts when reconstructing the oc-
clusion as it can be observed in row e. This is mainly due to the lack of movement in the tool in
the previous frames. Furthermore, it also creates dark shadow elements within the reconstructed
region. This shadow effect appears more severe in the frame at the last column where image scal-
ing due to the camera’'s zoom-out affects significantly the occlusion recovery result. The CPNet
approach in row d is significantly affected by the changing lighting conditions in the scene, result-
ing in shaded textures around the reconstructed regions. It can be noticed that this method is not
affected by image scale changes which must be due to the alignment network learning the relevant
context patches. In all cases, the perceptual and style losses incorporated in the proposed method
allow the model to learn the distribution of the movement of the occlusions and the visible parts
within the image. This results in the generation of high fidelity reconstructions which are robust to
changes in lighting and image scaling.

The performance of the video inpainting methods has also been quantitatively compared on MIS
data under varying OIR% based on the mean scores of the L1, PSNR, SSIM, IS and Temporal SSIM
error as performance evaluation measures. The graphs in Fig. 3.6 show the superiority of the pro-
posed method which achieves higher reconstruction accuracy and lower L1 error for the various
OIR% on the tested MIS datasets. As it is expected, the general trend is that the reconstruction ac-
curacy decreases as the OIR% increases. This is due to the lack of sufficient prior visible informa-
tion available for reconstructing the occluded area which results in filling the output reconstruction
with artefacts, similar to performing spatial image inpainting.

The contribution of the individual loss components in the final generator loss function Lg, has
been assessed by training separate models with each component removed from the loss function
during the training procedure. As it is shown in Fig. 3.7 and 3.8, the most important components
are the style and perceptual losses as the performance of the model varies significantly when these
components are not included in the loss function. The warp loss, aids in creating temporally coher-
ent outputs while the quality of the generation is governed by the adversarial, style and perceptual
loss components. In the Temporal SSIM error graph in Fig. 3.7, as the OIR% increases, the warping
loss impact reduces. Since occlusions are large, the network prioritises, filling the occluded pixels
with plausible values. Hence, relying more on the feature matching and adversarial losses. In the
qualitative ablation study (Fig. 3.8), ablating the feature matching loses (d & e), results in artefacts
being formed around the occluded area and the model having an incorrect colour gamut. The other
losses in f and g aid in refining the output and artefact removal since more consistent results &
textures are visible. The style and perceptual components allow the network to learn the implicit
feature distribution similar to that of the ground truth and the adversarial loss enforces the network
to generate high fidelity reconstructions. The addition of the warp loss and the adversarial loss re-
sult in a higher IS score, which can observe in Fig 3.7, as both these loses result in high quality of
the images generated.
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Figure 3.6: Performance evaluation of different occlusion recovery methods under varying
0IR(%) on MIS data from the Hamlyn database.
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Figure 3.7: Loss Ablation results, comprising of L1 error (top left), PSNR (centre), SSIM (top
right), IS score (bottom left) and Temporal SSIM error (bottom right). The results were attained
from the hamlyn test dataset. The metrics shown were calculated between the generated
output and the ground truth from the hamlyn test set. — NoAdwver. being the proposed model
with no adversarial component, — NoPerc. denotes no perceptual component, — NoStyle
denotes no style component, — NoW arp denotes no warping loss component and finally,
— Proposed is the proposed model with the all the proposed loss components

Apart from visualising the reconstruction of the entire occluded area, other visualisations may be
more preferable. For example, a surgeon may want to visualise the underlying structures that are
obscured whilst being cognizant of the robotic tool in space. To this extent we develop a visuali-

sation entitled the "Glove Effect” which removes the occlusions while it retains the contour of the
original tool and superimposes the end effector onto it. As it is shown in Fig. 3.9, this visualisa-
tion provides the surgeon with a see-through vision while being aware of the position of surgical
instrument in the scene and their interactions with the underlying tissue.
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Figure 3.8: Qualitative results for different loss function combinations. (a) input masked
image, (b) ground truth, (c¢) proposed loss, (d) no style loss, (e) no perceptual loss, (f) no
warping loss, (g) no adversarial loss.

Figure 3.9: Glove Effect visualisation, where rows a display the original candidate frame and b
the output of the glove effect, where the contours of the tool and the end effector are purposely
visible.

3.5.3 Performance Evaluation on Natural Scenes

In this section, we also show our model can go beyond just surgical scenes and perform excep-
tionally on natural scenes too without requiring further training or fine tuning.The recovery of oc-
clusions on natural scenes from the Davis2017 database is presented in Fig. 3.12. These are chal-
lenging sequences as in the "Bike” sequence, both the camera and the object move over time while
in the "Dancer” the background where the occluded object is centred mainly in the same location
throughout the video, providing little information from the past for reconstruction. No further train-
ing nor fine-tuning was performed. As it can be observed, although our model has been trained
on MIS data only and was not fine tuned nor trained further on the DAVIS dataset, it success-
fully learns the essence of reconstruction. Furthermore, the performance of the compared video
inpainting methods on the Davis2017 dataset for random masks and OIR of 30-40% is shown in
Table. 3.1.
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Figure 3.11: "Dancer” sequence

Figure 3.12: Occlusion recovery, on natural scenes from the Davis 2017 dataset. The rows a
display the original candidate frame, b the input masked frame and ¢ the reconstructed output.

Samyakh Tukra 3D Vision for Robotic Surgery 78



3.5. Results & Discussion Unsupervised Scene Occlusion Reconstruction

Table 3.1: Performance evaluation on random masks of OIR 30-40% on the Davis2017 test
data. STV-Net, was trained only on MIS.

Method LT PSNR SSIM IS Temp. Consis.

STV-Net 0.023 £0.015 24.62 +£2.92 0.809 £0.045 9.12  0.131 4£0.095
[123]  0.023 £0.009 24.48 +3.07 0.815+0.059 13.49 0.125+0.086
[25]  0.022 £0.011 22.0542.91 0.797 £0.062 11.23 0.134 4-0.081

3.5.4 Discussion

The performance evaluation analysis shows that the proposed model, outperforms the latest video
inpainting models on surgical data. This is due to the novel architecture which fuses spatio-
temporal information by introducing the input data into 2 separate streams for the sequence of
frames and optical flow and combining the features learnt with the guided optical flow maps in
the decoder. The dense connections within the network allow the decoder to utilise all the infor-
mation gathered from each layer to reconstruct and refine the output in a hierarchical manner.
Furthermore, the combination of multiple losses in the proposed loss function has been tailored to
generate high fidelity and accurate image reconstructions that are temporally consistent.

In our performance evaluation analysis we noticed that the performance of the proposed method
is affected by abrupt camera motions producing artefacts in the occlusion reconstructions. This
is due to lack of coherence in the temporal features extracted from the previous frames. Since the
scene has shifted to a new setting, the prior information fed in is actually not useful for feature
extraction. However, abrupt camera motion are rare in the proposed application of minimally in-
vasive surgery. Additionally, we observed that if the occlusion occupies majority of the scene and
is localised in mainly one region, without moving between frames, then the scene reconstruction
generated includes colour saturation artefacts. This is due to the lack of temporal discrepancy in
the previous frames, resulting in fewer regions that the model can use to learn from which, results
in blurry synthesis. To deal with this, input frames at n interval can be considered as opposed to
taking consecutive frames as input. In this case, n is a user defined interval window. This will allow
consideration of frames with sufficient temporal distance where the occlusion has moved.
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3.6 Conclusions

In this chapter, the STV-Net has been proposed which is an unsupervised end-to-end deep learning
framework, based on Fully Convolutional Network (FCN) networks. The proposed model utilises
2D and 3D partial convolutions to combine information from the past and current frames in or-
der to infer the appearance of the surgical scene under occlusions. The performance evaluation
analysis has shown that the proposed model is superior to state-of-the-art video inpainting mod-
els. This is due to the novel architecture which fuses temporal and spatial information. The dense
connections within the network allow the decoder to utilise all the information gathered from each
layer to reconstruct and refine the output in a hierarchical manner. Furthermore, the proposed
loss function has been tailored to generate high fidelity and accurate image reconstructions with
temporal coherence. Combining multiple losses enables the network to capture vital features es-
sential for reconstruction. This has resulted in a system robust to occlusions of various shapes,
sizes, locations and orientations. STV-Net can further be combined with any segmentation net-
work for occlusion mask generation, resulting in an end-to-end occlusion detection and removal
framework. Our future work will focus on making our model real time for online occlusion removal.
Additionally, we aim to extend this work to other challenging occlusions in surgery such as smoke
and blood.

3.6.1 Learnings & Future Work

In this work, | employed generative modeling and perceptual learning techniques to develop an
effective framework for processing and removing and reconstructing occlusions from videos. This
experience provided me with valuable insights into designing task-specific loss functions, model
architecture and embedding temporal dynamics within Deep Learning (DL) models. Additionally,
my work on this chapter emphasized the importance of embedding temporal dynamics in DL video
models. By incorporating temporal information through 3D partial-convolution intrinsically and via
optical flow extrinsically, the model was able to capture the dependencies between consecutive
frames and maintain coherence across time. This understanding of temporal consistency proved
instrumental in Chapter 7, where | applied similar techniques to obtain temporally consistent depth
maps addressing problems #3 and #4 (outlined in Introduction).

The following are the key limitations of the current framework where | have suggestions for im-
provements:

1. Input resolution: DL evolves rapidly; the average lifetime of a model is merely five months
now, before new advancements emerge. Since the completion of this work, other studies have
introduced innovative modules for handling high-resolution inputs on single image inpainting
i.e. [205]. One obvious step forward would be to replace standard convolution layers with
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Fourier convolution as shown in [205] adapted for sequences (i.e. combined with self-attention
or convolutional-Long Short-Term Memory (LSTM)s. This may improve inpainting fidelity and
make the model light weight such that it can generate outputs at greater resolution.

2. Learn scene-flow explicitly via warping only: In this work | primarily used FlowNet to ac-
count for optical flow. However since completing this work, other models with greater optical-
flow accuracy and performance have been introduced [212][87]. Simply, replacing FlowNet with
these models for both inputs and warping loss will significantly improve results as these mod-
els will estimate occlusion deformation with greater precision. Furthermore, one may not even
need to feed in optical flow as input into the model. Explicitly enforcing flow constraints as a
loss function (as done in Eq. 3.12) may be sufficient, as shown by this video inpainting paper
[54]. This enables new model architecture designs to be explored which are potentially light
weight, easy to deploy and thereby focusing more on input resolution issue.

3. Model architecture: 3D convolution are computational resource demanding when it comes
to training. Combining potential work from 1 and 2, may result in streams being redundant,
which will lower the computational complexity of the model. However, finding alternatives to
3D convolution may further reduce model complexity which can boost runtime performance.
Perhaps exploring architectures based on 2D convolution combined with LSTM [194] or going
for a full video transformer [11] etc.
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Chapter 4

Randomly connected neural networks for
self-supervised monocular depth
estimation

The subsequent challenge in my PhD involved attaining sub-millimeter depth accuracy
(problem #2 outlined in Introduction), a vital aspect for ensuring surgical precision and
preserving patient safety. To understand training a Deep Learning (DL) model for depth
estimation, | initiated with monocular depth. Handling single-image inputs lessened
computational complexity, streamlined model design and training Strategy investiga-
tions, providing an excellent starting point. This chapter's work also benefits clinical
cases like laparoscopic surgeries with monocular views [197]. Lack of stereo vision hin-
ders depth perception and causes surgeon fatigue. Skilled surgeons utilise monocular
cues like lighting and object size to aid hand-eye coordination. Currently, no enhanced
Computer Vision (CV) system addresses this issue. This is due to the following chal-
lenges: (1) lack of dense ground truth data for surgical settings, restricting the training
DL models, and (2) bias in existing models towards natural scenes which demonstrate
poor performance in surgical environments even after transfer learning due to distribu-
tion drift. Building on the work done in chapter 3, leveraging the power of perceptual
learning and generative modelling, | addressed (1) by creating a new loss function for
for learning generalisable feature representations. To tackle (2), | proposed a novel ar-
chitecture; a randomly connected Convolutional Neural Network (CNN) that is unbiased
in its design and has the flexibility to learn the most appropriate weights and explore
effective design topologies. This method achieved state-of-the-art (SOTA) performance
in monocular depth estimation on both surgical and natural scenes and even surpass-
ing some stereo models. The work of this chapter became the foundation for chapter 5
where | increased the complexity of the problem and solution to cater for stereo inputs.

The work in this chapter was published in the journal of Computer Methods in Biomechanics and
Biomedical Engineering: Imaging Visualization in 2021 [216]. It also won the best paper award
in the 15th Augmented Environments for Computer Assisted Interventions (AE-CAI) MICCAI 2021
workshop.
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4.1 Overview

A plethora of deep learning-based methods have been proposed for self-supervised monocular
depth estimation. The majority of these models utilise a U-Net based architecture for disparity
estimation. However, this architecture may not be optimal, and as shown in self-supervised ap-
proaches, replacing standard U-Net encoder with more complex architectures like the ResNet en-
coder achieves superior performance. In monocular depth estimation, the success of the method
is attributed to the model architecture design capable of extracting high order features from a sin-
gle image and the loss function for enforcing a strong feature distribution. In this work, a novel
randomly connected encoder-decoder architecture has been designed for self-supervised monoc-
ular depth estimation. To enable efficient search in the connection space, the ‘cascaded random
search’ approach is introduced for the generation of random network architectures. We introduce
a new U-Net topology capable of utilising the semantic information of feature maps. For high
quality image reconstructions, a loss function has been proposed which efficiently extends per-
ceptual and adversarial loss to multiple scales. We conduct performance evaluation on 2 surgi-
cal datasets, including comparisons to state-of-the-art self-supervised depth estimation methods.
The performance evaluation analysis verifies the superiority of our randomly connected network
architecture.

Brief video explaining the work: 13 min video
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4.2 Introduction

Depth estimation is one of the fundamental problems in computer vision constituting of predicting
the distance of each point in a captured scene relative to the camera. Depth is essential in a diver-
gent range of applications including robotic vision, surgical navigation and mixed reality. Although
humans perceive depth relatively easily, the very same task for a machine has proven to be quite
challenging. Depth estimation involves the detection and matching of salient features between
multiple views of a scene. Recently, deep learning models have become very attractive in the depth
perception workflow, providing end-to-end solutions for depth and disparity estimation [127]. The
learning in these methods can be either supervised [53] [46] [245], or self-supervised [63], [241], [57].

The best performing models tend to be trained via supervised methods since they directly learn
to regress the disparity values. However, they require ground truth which is very arduous to cap-
ture and unfeasible to re-collect every time the dynamics of a scene change and re-train a model.
Additionally, transfer learning also fails when target data does not match the training [251]. This
hinders their application in surgical scenes where data is limited and scenes are substantially dif-
ferent from the natural scenes counterpart. Hence, self-supervised methods are preferred, since
no ground truth is required for training. Instead, they are trained by conducting novel view synthe-
sis and optimising for photometric re-projection error [63]. However this, error can be optimised
even if the geometry is inconsistent (i.e. incorrect disparity values in low textured areas). Thus,
requiring stronger view synthesis loss functions that can penalise inconsistencies in such regions.

Inmonocular depth estimation, most self-supervised methods [64][164][235] adopt the U-Net based
encoder-decoder architecture DispNet [143] which generates a high resolution photometric output.
However, this may not be the most optimal model. Hence many approaches, replace the stan-
dard U-Net encoder with more complex architectures like the ResNet encoder achieves superior
performance. In the literature, very little is done to explore architecture design in self-supervised
monocular methods. Since, monocular settings does not involve inference from multiple views,
the success of deep learning methods is therefore, attributed to the network architecture design
and its ability to extract meaning-full features. In addition to architecture design, a strong learn-
ing signal must be provided for the salient features to be encoded. Hence the corresponding loss
functions used for optimisation, need to be engineered accordingly.

To improve self-supervised monocular depth estimation approaches, it is imperative to engineer
both the architecture components and the loss function carefully to enable strong features to be
learnt, regardless of the data type. The aim of this paper is to design a bespoke model and loss
function for self-supervised monocular depth estimation, capable of learning strong features ad-
vancing the standard DispNet architecture used widely.
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4.2.1 Contributions

Our main contributions are the following:

1. We design a novel architecture for dense monocular disparity estimation using random
neuron connections, further augmented with attention for feature extraction. To the best of
our knowledge, we design the first randomly connected encoder-decoder architecture

2. We introduce the ‘cascaded random search’ approach for generation of randomly connected
architectures which enables better search in the connection space

3. We introduce a new U-Net topology to improve the expressive power of skip connection
feature maps both spatially and semantically

4. We design a loss function which efficiently extends deep feature perceptual and adversarial
losses to multiple scales for high fidelity view synthesis and error calculation

The proposed monocular model is trained in a self-supervised manner, using stereo data similar to
[63] which we use as our base method for comparison. We didn't use the more recent [64] which
train on monocular videos as our base, because of its inability to be trained on scenes with static
cameras or small camera movements. Which is prevalent in the surgical domain thereby deteriorat-
ing performance when trained on surgical datasets. Our study proves that a randomly connected
network architecture combined with a well designed loss function can outperform the state-of-the-
art. The performance evaluation was conducted on Minimally Invasive Surgery (MIS) data, Hamlyn
data [61] and the SCARED stereo benchmark [6]. The proposed method can be easily extended to
stereo disparity estimation and employed for any image-to-image translation task.
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4.3 Related Works

In literature, approaches for depth estimation fall into two categories namely, supervised which
require ground truth data and self-supervised which do not rely on any ground truth. In supervised
depth estimation, dense depth maps have been produced via a 2 stage process, where in the first
stage a deep neural network produces a coarse depth map followed by the second stage where
another deep neural network refines it [46]. The authors treated the problem as a regression task
and defined losses that were invariant to image scale. Other methods were later released that built
upon [46], such as [245] which treated the problem as a classification task of the valid pixels in the
ground truth depth maps. Furthermore, [53] treated it as a regression problem, and introduced a
novel type of loss based on ordinal regression. Supervised approaches depend upon high quality,
ground truth depth during training, which is subject to availability. Lastly, since they learn to directly
regress depth values, if the range of depth changes they need to be re-trained. Given the range of
depth in surgery (mm) is substantially different from natural scenes (m), their adaptabhility is hin-
dered and transfer learning will have limited effect [251].

Whereas self-supervised methods do not require this. Their learning focuses on the reconstruction
of images based on warping of the input image with the output predicted disparity map. The meth-
ods in [247] and [56] both utilise this image reconstruction based losses to train their deep learning
models for 3D reconstruction. In[56] the reconstruction loss is not fully differentiable, hence Taylor
approximation is performed to linearise the loss with respect to the model which adds further com-
plexity to the method. In [63], bilinear sampling is performed, similar to that of [92] thus resulting
in a differentiable loss. The loss components described in [63] have become somewhat standard
in self-supervised depth estimation. [167] further extended [63]'s work to trinocular based depth
estimation, further improving the performance. [166] experimented with cycle adversarial loss to
enhance the photometric error. However the photometric loss can be optimised for multiple range
of disparity output values, and such adversarial losses are unable to penalise for artefacts formed
in edges of the generated images.

Furthermore, these self-supervised methods are all based on the DispNet architecture. [63] showed
replacing the encoder parts with ResNet- 18 & 50 [/5] models achieved better performance. This
is attributed to (1) their innovative method of (residual) network connections (similar to why other
methods like DenseNets [84] are successfull). (2) The pre-trained Imagenet feature distribution
which leads to stronger optimisation. (2) is applicable to natural scenes, but limited on surgical.
Hence, upon evaluating (1) further, we wanted to optimise encoder design for having more inno-
vative connections. Thereby improving the expressive power of the model for feature extraction.
Hence, to remove limitations on the network connection space, we explore randomly connecting
the convolution operations in a deep learning model. Inspired by [242], they utilised traditional
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random graph generators from graph theory i.e. Watts Strogatz (WS) algorithm [236], to define
randomly connected networks, which they then convert to neural networks for classification train-
ing. However, [242] work was limited to classification architectures and they limit their connection
space to only have a single random graph topology to build the full model. We extend their work to
generate randomly connected encoder-decoder architectures with varying topologies, that can be
utilised for any image-to-image translation task.

In this work we are making the hypothesis that a random search on the network’s connection space
could yield ideal network candidates and achieve comparable results to the state-of-the-art. This
is because, the connections between operations are simply the weight values which are updated
during the training process via gradient descent optimisation. Thus, performing an optimisation
stepi.e. gradient descent on connections that were randomly searched, will narrow down the archi-
tecture search space automatically. Since, training them will still yield ideal weight values.
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4.4 Methods

The proposed disparity estimation model follows that of an encoder-decoder structure and takes a
single image as input. The encoder is a randomly connected fully convolutional neural network. It
comprises of convolutional blocks that perform down-sampling of the input data and the decoder
part performs up-sampling of the encoder feature maps to generate the left and right disparity
maps hierarchically. Furthermore, we introduce skip connections with learn-able weights for im-
proving the expressive power of the encoder. The overall architecture is shown in Fig. 4.1. For
training, we experiment with the loss function introduced in [63] as our base loss function, and
propose a multi-scale adversarial image generation loss function.

Encoder Decoder

AN
Randomly Multi-headed Sequential Left
Connected attention Decoder Concatenation . Excitation O & Right
convolution layer for Block & 1x1 Convolution Module Disparity Map
blocks feature selection (DispNet)
Figure 4.1: The proposed encoder-decoder architecture. The solid and the dotted lines denote
forward propagation and skip connections respectively. The purple lines signify the output left

& right disparity maps generated at 4 scales, each increasing hierarchically with a scale factor
of 2.

4.4.1 Monocular Depth Estimation Model

Randomly Connected Encoder: The encoder is initiated with a random graph which is generated
once in the beginning and subsequently converted to a Directed Acyclic Graph (DAG). We mod-
ify [242] to enable development of randomly connected encoder-decoder architectures, for depth
estimation. To define a randomly connected encoder-decoder architecture, we first divide the net-
work into blocks as shown in Fig. 4.1. This allows down-sampling to take place and provides more
control on the size of the feature maps produced. Each block comprises of its own random con-
nections with n number of nodes (i.e. operations) within it. The nodes within this graph are then
mapped to their respective operations. The operations in the encoder layer are defined by a single
convolution layer of a user defined filter size, followed by normalisation and activation. The activa-
tion operation we use is eLU [35]. The process of random graph generation as illustrated in Fig. 4.2,
is the following:
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Figure 4.2: The process of generating a randomly connected deep learning architecture. The
red and the grey nodes are the input and the output nodes of the block, respectively. The
black nodes are the convolution operations. The purple module is a multi-head self-attention
module.

+ Step a - Generate a list of n. nodes in a block and two fixed nodes namely, an input and an output
node. The two fixed nodes are placed in addition to the n nodes within the block to allow inflow
and outflow of feature maps;

+ Step b - Using the WS algorithm, randomly connect the nodes in the block;
- Step ¢ - Convert the nodes in the block to their respective operations;

- Step d - On the aggregated feature maps from the output node, utilise multi-head self-attention
for feature selection;

Once these blocks have been initiated they are simply used as modules in the overall architecture
as shown in Fig. 4.1. In all cases, if there are more than one connections as input into a node,
then the incoming feature maps are aggregated via a weighted sum with learn-able weights and
then fed into their respective operations. If the output is to be sent to multiple nodes, then copies
are made and sent. Since, the feature maps are randomly connected, there is potentially misalign-
ment between them when aggregated. Hence, we augment this backbone by using a multi-head,
self-attention mechanism [220] at each encoder block. In particular, we use efficient attention with
linear complexity as described in [192]. These, attention mechanisms enable convolution layers to
focus on key aspects via knowledge distillation, by learning what to pay attention to. This is also
vital for the skip connections, where this feature map misalignment can lead to poor localisation
of features for disparity generation.

Furthermore, to generate connections between nodes, a seed is used to initialise a pseudo-random
number generator. The pseudo-random number generator, is used to generate up to k pairs of ran-
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Encoder Blocks
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Figure 4.3: Showing the proposed learn-able skip connections methodology. a is the network
topology of a standard U-Net and b is the proposed new network topology. Solid lines and
dotted lines denote forward propagation and skip connections respectively.

dom numbers for each node. & is the maximum number of nearest neighbour nodes each node
can connect to and these pairs define the index of the other nodes that the candidate node will
connect to. The process of graph generation, as shown in Fig 4.2, occurs in steps a and b which
are highly susceptible to the random seeds selected, for initialising this pseudo-random genera-
tor. If only one seed value is selected (i.e. a global seed), then a single graph will be generated
which will be copied in every random block in step d. A global seed will initialise the same set of
random number pairs every time which will constrain the search space of connections. Another
contribution of our work is the ‘cascaded random search’ process which generates a large explo-
ration space for connections. We modify the method in [242], by introducing multiple seeds by
multiplying the global seed with a multiplier which in our case is the block number assigned se-
quentially. This allows each random block to have its own unique random seed. For example, if
the global seed is 2, then for the model in Fig. 4.7 and the first encoder block, the seed is 4 (i.e.
2x2, global seed value x layer number), for the second encoder block, the seed is 6 (2x3), for the
third encoder block, the seed is 8 (2x4) and so on. This allows divergent graphs with unique ran-
dom connections to be formed at each random cell enabling the exploration space to be large. We
term this process ‘cascaded random search’. The multiplier can be any set of arbitrary numbers
such that upon multiplying with the global seed value, a new seed value is generated for each block.

Learn-able Skip Connections: For the decoder to produce sharp disparity maps, it requires strong
spatial and semantic features. In our case, semantic features are deep relationships hidden in
surgical scenes, such as different tissue types and objects. This is typically stored in the channels
of the feature maps. Spatial features help in localising boundary information, and this is fed to
the decoder via skip connections as shown in Fig. 4.3a. However, not much attention is given
to semantic features. [266] showed that greater semantic feature representations are developed
deeper through the network. For this reason, they created a densely connected U-Net, where every
encoder layer feature map is connected to every ascending decoder layer. However, this explodes
the parameter count and substantially increases training and inference times. Conversely, we take a
more efficient approach to preserving these semantic features. Instead of densely connecting each
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encoder feature map, we concatenate the previous feature map with the adjacent one and perform
1x1 convolution for weighted compression. This prevents the parameter explosion. This is followed
by squeeze & excitation modules [83] which individually weights these channels in importance
(i.e. channel-wise attention) for the following convolution layer in the decoder. These weighted
semantic features are then passed on to every ascending layers hierarchically. Allowing the model
to maintain semantic features throughout each layer and to enable weighted aggregation of them
for feature selection as shown in Fig. 4.3b.

Decoder: Our decoder advances the architecture design proposed in [143]. Unlike [143] which uses
bi-linear interpolation for up-scaling the feature maps in the decoder, we utilise the Pixel Shuffle
operation [193] followed by a convolution layer (filter size 3x3). As stated above, semantic features
are usually overlooked and interpolation up-scales feature maps by linearly interpolating the spatial
features. Instead we reshuffle the deep channel feature maps to convert them into new spatial pix-
els and perform convolution for inferring these semantically up-sampled features into disparities.
Fig. 4.1, shows the final proposed model architecture, with all the components together where the
encoder is randomly connected and the decoder is sequential as defined above. We also experi-
mented with other model variants such as a fully random architecture where both the encoder and
decoder blocks comprise of randomly connected graphs and a hybrid model, where the encoder
layers are sequential (from Resnet18 model [/5]) and the decoder layers comprise of randomly
connected blocks. In our experiments the proposed model performed the best, as the sequential
decoder does not suffer from feature map misalignment like the random ones, which results in
blurry disparities.

4.4.2 Loss Function Formulation

Our model is trained in a self-supervised manner using stereo video sequences, without requiring
any ground truth disparities, similar to [63]. Given the left stereo-rectified image &7, the model
produces the predicted left and right disparity maps D2"* and D%**. Since the disparity map
defines the displacement of pixels from one camera frame to its corresponding stereo frame, a
warping function can be applied to these disparities and the opposite images to regenerate the
corresponding stereo frames 757 and 7P, The intuition is that the generation of one image
from the other in a stereo pair enforces the network to learn some aspect of the 3D shape of the
scene. Hence, even with monocular input, the network intrinsically learns to develop both disparity
maps. The loss function thus, focuses on the reconstruction error between the predicted and the
original images which is used as ground truth. Standard loss components which have been used
for self-supervised disparity regression include the image reconstruction 10SS L, c.on, the dispar-
ity smoothness 10SS Lmoorn and the left-right disparity consistency 10SS Lz zeons [63] as shown
below:

Lisim = 01Lrecon + 02 Lgmooth + 03L 1 Reons (4.7)
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The above loss terms are performed on both the generated left and right images. As stated above,
the image reconstruction loss is crucial for achieving high performance in self-supervised depth
estimation methods. [63] in particular uses the Multi-Scale Structural Similarity Index (MS-SSIM)
[237] jointly with a L1 loss term as their L,.cco. In our framework, since our model outputs disparity
maps at 4 different scales, the MS-SSIM loss enables the model to hone the disparity output grad-
ually as size increases. Additionally, it enables the reduction of artefacts being formed at the final
output (at the largest scale).

Adversarial loss based on Generative Adversarial Networks (GANs), have been employed for depth
estimation for computing the photometric error [166][5]. To compute this loss, a generator G and a
discriminator D is required. G is the proposed model that generates the disparity maps and thereby
the predicted images via warping. D is a binary classifier that differentiates between ground truth
images and the predicted images. The aim is to train G and D both to the point that D can no
longer differentiate between ground truth and the predicted images generated by G. This formu-
lation doesn't account for the multi-scale penalty. The multi-scale penalty is vital, since standard
adversarial losses tend not to specifically penalise for artifacts in the synthesized image i.e. on
the border regions or on the edges of objects where the depths are always not sharp enough to
generate realistic warp colors. Adversarial loss alone fails to tackle this issue.

In this work, in addition to MS-SSIM for L, ...n, We propose a novel loss function based on multi-
scale adversarial learning and perceptual loss. Our loss function allows for penalising poor quality
generations at their respective scales. The naive approach to achieving this, would involve having
a discriminator D dedicated to each scale. However, this would increase computation time and
memory, requiring 5 networks being trained in parallel (G and 4 Ds, one for each scale). This
also has the high risk of loss explosion, leading to G potentially not converging, or in some cases
diverging. Instead, we define one D network inspired by [100], and unlike other methods, where D
is some arbitrary sequential convolutional network, in our work, D is similar to the specification
of the G encoder. Furthermore, we concatenate the output at each scale with the intermediate
layers of D, enabling each block to learn features dedicated for the input at its respective scale.
llustrated in Fig. 4.4.

The multi-scale GANs loss for both G and D we experiment with is Least Squares GANs loss [140]
(though any other type of GANs loss can be used):

L2, = Sl(DUT) = 17) 4 [(DGUET)) 2)
L6, = SI(D@IFT) ~ 1) 3)

D takes both the left and right images concatenated as input. I is the list of concatenated images
for each of the 4 scales. The largest scale is parsed in via forward propagation, where the sub-
sequent scales are concatenated with the forward propagating feature map before being fed into
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T

Scale 4 Scale 3 Scale 2 Scale 1 Feature Maps extracted for multi scale perceptual loss

Figure 4.4: Discriminator model. The solid black lines and the dotted lines denote forward
propagation and skip connections respectively. The skip connection inputs are concatenated
with the forward propagating feature map prior to being processed by the next layer. The pink
lines show the extraction of multi scale feature maps.

their respective intermediate layers. This enables the intermediate layers to learn the features dedi-
cated for differentiating real and fake data for that particular scale. Furthermore, [94] showed, high
fidelity images can be constructed through perceptual loss functions. It encourages the predicted
outputs to have similar feature representations as the ground truth using features extracted from
pre-trained networks. We adopt this to a multi scale feature reconstruction loss, by directly using
our multi-scale discriminator as the feature extractor. This allows the feature matching to occur
at each scale. The discriminator block with large receptive fields i.e. Encl learns global features
such that G generates globally consistent outputs at the largest scale. Whilst, the blocks with
smaller receptive fields i.e. Ene3 learn local features, ensuring G produces sharper details. This
combination enables G to generate outputs with less artefacts, especially in low-textured scenes
prevalent in MIS data. We experiment with the feature reconstruction 10ss (L feq:), €quation dis-
played below:

Lyear = B33 | Da( Dty I87Y) = D (D, IT1) 1 (4.4)

n

Where, n is the scale and for the discriminator it's the respective layer number too. Like above, I
are the list of images at each of the 4 scales. The final loss function is:

Lfinal = 51 Lrecon + 62Lsmooth+ (45>
53LLRcons + 54LaGde + 55Lfeat

4.4.3 Implementation Details

The square filter sizes of the convolution operations in the encoder blocks sequentially are [7,5,3,3,3].
The number of blocks and the filter sizes are consistent with the model in [63], to allow fair com-
parison. With the exception, standard [63] model, comprises of 7 layers of the encoder whereas
ours is smaller comprising of 5 layers. The proposed model is trained to for 200 epochs. The input
and output image resolutions are 256x512. The loss weightings in Eq. 4.5 are as follows: d1,d5,
93,04 and 05 are 0.85,1.0, 1.0, 1.0 and 0.05 respectively. For the graph generation algorithm WS, the
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maximum k nearest neighbours for node selection was 4, the total number of nodes n was 5, and
the probability of rewiring an edge was 0.75. For training with L s, the loss calculation starts after
10 epochs, to give the discriminator enough time to become a good classifier. Both the proposed
disparity estimation model and the discriminator are trained with the Adaptive Moment Estimation
(ADAM) optimizer with a learning rate of 0.0001. The model was trained on MIS data from the
Hamlyn database [61] where, 34,240 frames were used for training and 7,191 for testing. The mod-
els pre-trained on the Hamlyn data, were later fine-tuned on SCARED [6] for further evaluation. The
models were trained on an Nvidia Tesla T4. The training computation time for the proposed model
trained wWith L ;.4 is 3 GPU days, whereas training with L, is 1.5 GPU days.
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4.5 Results & Discussion

4.5.1 Performance Evaluation

For SCARED data, we use the same evaluation metrics as defined in their paper [6], which is the
mean absolute depth error (in mm) on test datasets 1 and 2. We show comparison with other
self-supervised methods submitted to this challenge for both the test datasets presented in the
challenge. For Hamlyn data, due to lack of ground truth depth, we compare the Structural Simi-
larity Index (SSIM) between the ground truth and the predicted images followed by warping, same
as [249] which is used for comparison. In both cases, the original methods proposed by the au-
thors were stereo models whereas our method is a monocular model. Due to lack of availability of
monocular models in surgical data we continue with comparison to stereo models on these bench-
marks. Furthermore, the performance of the proposed method is qualitatively compared on both
the datasets in Fig. 4.5. We also re-train the state of the art monocular models trained via stereo
images i.e. [63] and [166] on the Hamlyn dataset to enable comparison with monocular models We
show qualitative comparison of the monocular models on Hamlyn in Fig. 4.6.

4.5.2 MIS Evaluation

As it can be observed from Fig. 4.5, in both the datasets, the proposed model variant with learnable-
skip connections (LS) (column 3) generates far less artefacts than the model without (no LS) (col-
umn 2). This is further visible on the depth maps in row B.1, where the top left corner of the
depth map generated by our model with no LS, has a more prominent artefact than the variant
with LS. Furthermore, LS also enables development of sharper depth maps, more consistent with
the shapes appearing in the scene. This can be observed when comparing both the samples in
row A, where the LS variant generates more consistent contours around boundaries of the soft
tissues. Training with Lz, further enhances the results, by removal of artefacts around edges
and boundaries of tools and soft tissues. This is visible in all the depth maps generated by the
final proposed model (column 4) for all the samples. We believe the multi-scale adversarial loss is
capable of penalising for these corner artefacts that are usually tricky for MS-SSIM. Whilst gener-
ating sharp, yet smooth depth maps. Row A.2, is particularly a tough challenge for deep learning
models due to the reflections present in the scene. As it can be observed, both model variants with
and without LS fail to generate sharp depth maps. However, the model variant trained with L z,,q1
resolves a high fidelity depth robust to such effects. Showing the importance of multi-scale deep
feature losses for photometric error calculation. The superiority of our model and loss function is
further displayed in Fig. 4.6, where it is compared against 2 state-of-the-art monodepth models.
The final column ‘Focus area’ highlights in green boxes where the generated depth maps by our
model, achieves finer details than the competition. Exhibiting the importance of both the architec-
ture design and multi-scale penalty for adversarial learning, in generating such sharper details. One
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Input Left Image Ours (no LS) Ours (LS) Ours (LS) (Lrinat)

Figure 4.5: Depth maps generated by the proposed model on the SCARED and Hamlyn test
splits shown in rows A and B, respectively. Inclusion of LS signifies presence of learn-able
skip connections and noLS without. all models were trained with the standard L., 10SS
(Eq. 4.1) unless Lpynq is specified, which signifies training with the proposed loss function
(Eq. 4.5).The colour bar displays the depth range in mm.

can observe that our model, generates sharper depth for anatomical structures present around the
tools, which is a challenge for the other 2 methods. Moreover, the image in row 3 includes smoke
which occludes some of the soft anatomical structures in the background. As it can be deduced,
our model uncovers depth for such regions too. lastly, inrow 2 our method generates less artefacts
in corner regions of the image, as the multi-scale deep feature loss enforces the model to maintain
global and local consistency.

The proposed model is also quantitatively validated and compared to the latest surgical depth
estimation benchmark on the SCARED datsaset in Tables 4.1 and 4.2. We compare with the self-
supervised submissions for a fair comparison albeit, the competing methods are stereo models.
Overall the best performing model in test dataset 1is ours, and despite being monocular our method
is comparable to the other stereo models in test dataset 2. We believe this is because, both the
stereo methods ‘KeXue Fu’ and ‘Xiaohong Li’ [6] follow the loss function and model introduced by
[63] and [166] though, adapted for stereo. As shown in Fig 4.6, they are both prone to generating
artefacts especially near edges and boundaries of soft tissue structures. This is due to both the
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Input Left Image Ours (LS) (Lring) Godard et. al 2017 Pilzer et al. 2018 Focus area

Figure 4.6: Comparison of depth maps generated by our model with [63] and [166] on the
Hamlyn test split. The last column re-displays the depth produced by our proposed method
(column 2) with the green boxes highlighting the key areas where more details are visible in
our depth maps. The colour bar displays the depth range in mm.

potential sub-optimal model and the loss function’s inability to penalise for high-order inconsisten-
cies in the warped images. This is what we try to address in this work, with a loss function with
stronger emphasis on image reconstruction not only via MS-SSIM but also via efficient multi-scale
discriminator and deep feature perceptual losses. The proposed model enforces local and global
consistency even for monocular depth estimation, whilst providing a more exploratory approach to
model design (randomly connected encoder and learn-able skip connections). Furthermore, from
the ablation study, one can observe that the performance of all the model variants is compara-
ble with the other stereo competitors. In particular, our proposed method with no learn-able skip
connections (no LS) trained on the standard L., l0ss function is comparable to the other stereo
models despite being monocular. The only novel component in this variant is the random connec-
tions, which further exemplifies the power of innovative topology for neural architecture designs.
The addition of learn-able skip connections further improves on these results, due to the extra
attention paid to the deep semantic features.

Table 4.1: Showing the mean absolute depth error in mm for test dataset 1 from SCARED. The
compared methods are the self-supervised methods submitted to this challenge. (M) signifies
Monodepth method, and (S) Stereodepth. The presence of L denotes the type of loss function
used for training and presence of (no LS) implies no Learn-able skip connections were used
in the model. Best results are highlighted in bold.

Method Keyframe 1 Keyframe 2 Keyframe 3 Keyframe 4 Keyframe 5  Average

ours Ly;,q (M) 3418 £0.071 27.01+£0.096 14.82 +0.063 13.42 +0.055 12.89 +0.067 20.46
ours Ly, (M) 33.21+£0.069 26.73+0.099 1547+ 0.066 15.13+0.058 13.01+£0.066  20.71
ours L, (N0 LS) (M) 35.02+0.074 28.10 +0.091 16.89 +0.061 17.76 +0.061 13.26 +0.068 22.206
KeXue Fu (S) 30.49 18.32 19.73 19.30 16.86 20.94
Xiaohong Li (S) 34.42 20.66 17.84 27.92 13.00 22.77

Considering Table 4.3, our solution supersedes monocular and stereo depth estimation methods
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Table 4.2: Showing the mean absolute depth error in mm for test dataset 2 from SCARED.
The compared methods are the self-supervised methods submitted to this challenge. Where
(M) signifies Monodepth method, and (S) Stereodepth. The presence of L denotes the type of
loss function used for training and presence of (no LS) implies no Learn-able skip connections
were used in the model. Best results are highlighted in bold.

Method Keyframe 1 Keyframe 2 Keyframe 3 Keyframe 4 Keyframe 5  Average

ours L0 (M) 29.00 £ 0.061 25.81+0.092 18.72 +0.064 8.90 £0.070 10.12+0.044 18.51
ours L, (M) 27.69 +0.059 26.177+0.091 20.14+0.061 9.11+0.068 11.794+0.054 18.98
ours L (NOLS) (M) 28.254+0.066 27.36 +0.088 22.834+0.065 11.69 4+ 0.073 13.514+0.055 20.73
KeXue Fu (S) 23.71 15.46 26.43 9.60 10.92 17.22
Xiaohong Li (S) 24.58 16.80 29.92 11.37 19.93 20.52

Table 4.3: SSIM index on the reconstructed images generated via the estimated disparity
maps on the Hamlyn test dataset. Higher value indicates better performance. Where (M)
signifies Monodepth method, and (S) Stereodepth. The Min parameter count signifies a million
parameters. Methods, A,B,C,D and E are [60], [246], [249], [63] and [166] respectively.

Method A(S) B(S) C(S) D (M) E(S) Ours (M)
mean SSIM 0.473 0.547 0.604 +£0.066 0.611£0.076 0.633 £0.079 0.672 +-0.080
Parameter Count - - 32M 3M 3M 22M

including [249] a stereo model. Despite our model comprising of a smaller memory footprint with
significantly less parameters for training, it still outperforms the others. This shows the impor-
tance of innovative architecture design which doesn't require over-parameterised models. The
above results verify that the convolution operation itself is very powerful, such that even a randomly
connected network with enough convolution operations is capable of successfully learning a task.
This suggests that more focus needs to go on architecture design for optimising monocular depth.

We believe the proposed methodology guides researchers in understanding how to improve monoc-
ular depth estimation without reliance on capturing arduous ground truth. To that extent we can
further improve the proposed method for clinical deployment. In clinical applications, depth error
should be typically in the range of sub-mm accuracy. Our method currently does not achieve this
accuracy. However, it is still superior to state-of-the-art methods for monocular surgical scene re-
construction. Inour future work, we aim to improve the performance of our model by experimenting
with better architecture exploration strategies, which is key for training robust monocular models.
More specifically, we will test more sophisticated architecture search strategies that optimise the
random connections, such as population based search [60] and further pruning of extra unneces-
sary parameters and connections [208]. This will provide a better search and selection criteria in
place of random connections and self-attention.

Samyakh Tukra 3D Vision for Robotic Surgery 98



4.5. Results & Discussion Randomly Connected Neural Networks for MonoDepth Estimation

4.5.3 Natural Scenes Evaluation

In addition to MIS data, we also evaluate on natural scenes from the Kitti dataset [59]. The model
was trained and evaluated on the Kitti Raw dataset with the Eigen Split [46]. In total, 22,600 im-
ages were utilised for training and 697 were utilised for testing. The performance evaluation study
presented in this work for the Kitti data uses the same metrics as in [58][131][46], to allow compar-
ison with methods published in previous studies. These metrics include Root Mean Square Error
(RMSE), Absolute Relative Error (Abs Rel), Square Relative Error (Sq Rel), Root Mean Squared Log-
arithmic Error (RMSE Log) and accuracy (%). The comparison is performed with the most recent
self-supervised single view depth estimation models trained on Kitti data.

Figures 4.7 and 4.8 show qualitatively the improvement the proposed architecture has on the depth
outputs. where similar to Fig 4.5 and 4.6 the proposed model with LS and trained with the pro-
posed loss function L s, produces sharper and structurally more consistent depth maps. This is
reflected in sharper features being visible in depth as highlighted by the green boxes in Fig 4.8 and
in Fig 4.7 where the final model resolved depth for distant trees in the background.

Input Left Image Ours (no LS) Ours (LS) Ours (LS) Lrina Ground Truth from Lidar
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Figure 4.7: Depth maps generated by the proposed model on the Kitti test split. Inclusion
of LS signifies presence of learn-able skip connections and noLS without. all models were
trained with the standard L., l0ss (Eq. 4.1) unless L ;4 is specified, which signifies train-
ing with the proposed loss function (Eg. 4.5).

The proposed model is quantitatively evaluated on the Kitti test split with the latest self-supervised
learning methods in Table 4.4. It is clear that the best performing model is our proposed model
training with L ¢, Which sets the new state-of-the-art (SOTA) for self-supervised monocular depth
estimation. Furthermore, even the other variants of our proposed models (not trained with L ¢;,a)
still outperform all the competing methods. We believe this is attributed to the random connections
which after training yield superior weight combinations, that allows the model to refine its depth
estimates and thereby achieve significant boost in performance. Hence, design of architectures
with innovative connections and parsing of attention on skip connection features, between the
operations should be given more emphasis, as it is likely to yield better results.
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Input Left Image Ours (LS) Ours (LS) Lrina Ground Truth from Lidar
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Figure 4.8: Depth maps generated by the proposed model on the Kitti test split. Inclusion of
LS signifies presence of learn-able skip connections. all models were trained with the stan-
dard Ly, 10ss (EqQ. 4.7) unless Ly is specified, which signifies training with the proposed
loss function (Eq. 4.5). The green boxes highlighting the key areas where for comparison
where our proposed final method resolved greater detail in depth.

Table 4.4: Performance evaluation on the Kitti Raw Dataset for distances up to 80m. All
results use crop from [57]. For columns with red headers, lower value is better and for the
columns with green headers, higher value is better. All the our proposed architectures are
trained with L (EQ. 4.7), unless L4 is specified, which denotes training with final pro-
posed loss function (Eq. 4.5). The best performing model variations are highlighted in blue.

Method AbsRel SgRel RMSE RMSElog 6 <1.25 &< 1.25%2 § < 1.25°

Our (no LS) 0.097 0.885 4.680  0.199 0.890 0.953 0.976
Ours (LS) 0.094 0.848 4.575 0.190 0.903 0.957 0.977
Ours (LS) (Lfin.) 0.089 0.797 4.467  0.185 0.905 0.958 0.978

(5] 0118 0908 4978  0.210 0.855 0.948 0.976
[168] 0126 0961 5205 0.220 0.835 0.941 0.974
[235] 0.106  0.780 4.695  0.193 0.875 0.958 0.980
[63] 0148  1.344 5927  0.247 0.803 0.922 0.964
[165] 0102 0.802 4.657  0.196 0.882 0.953 0.977
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4.6 Conclusions

Both, the neural architecture and the loss function play a vital role in the performance of a neural
network. Inthis work we showed that the biggest factor in optimising monocular depth is the design
of the neural network architecture itself and the loss function’s capability of computing high-order
multi-scale image reconstruction metrics. We proposed the first method to generate randomly
connected encoder-decoder networks and a new U-net topology for exploiting hidden semantic
features. Our results verify that even a randomly connected network with standard convolution
operations but innovative inter-connections can learn the task well. Additionally, we showed that
multi-scale penalty in loss functions is vital for generating finer details. We believe that our study
will aid in further research of neural network architecture design, and shift from the standard U-
net and manual trial and error based approaches to more automated design methods. Our future
work will entail experimenting with more loss terms, and exploring more inventive methods of
conducting search in the connections space to see how other variations of the network impact the
results.

4.6.1 Learnings & Future Work

In this chapter; investigating monocular depth estimation via Deep Learning (DL), equipped me with
the essential knowledge on designing depth estimation frameworks. By drawing from the learnings
in Chapter 3, | devised a loss function that incorporated perceptual learning and generative model-
ing, enhancing self-supervised depth estimation. This experience not only allowed me to improve
monocular depth estimation techniques but also provided insights into the next steps for extending
this work to stereo inputs, which is addressed in the follow-up chapter (5) and also outline some
improvements for future work (listed below).

1. Processing higher input resolutions may improve depth: As shown in [163] simply by oper-
ating self-supervised depth models at high resolution inputs, improves depth accuracy. Hence,
one easy experiment is to input images at 720p or 1080p resolution and retrain the model at
that scale. Furthermore architectural changes to the decoder [69] to output high resolution
depth maps, can also yield improved performance

2. Jointly estimate camera intrinsics to overcome scale ambiguity: A primary challenge in
monocular depth estimation is scale ambiguity. Consequently, a well-trained model may re-
quire retraining for different camera setups, as changes in camera intrinsics influence depth
perception in single images. One approach, similar to [68], involves estimating both camera
intrinsics and depth by leveraging the latent space of the U-Net architecture. This method
can enhance the invariance of monocular depth models to various camera configurations, ul-
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timately improving their generalisability.

3. Meta Learning / Zero shot generalisation: New methods now employ zero shot learning
[172] to improve generalisability of depth. However in this particular paper, the authors train on
a proprietary dataset (which is not available for public use). One method to boost performance
is to train monocular depth on simulation data, with the same training strategy from [172]. This
could greatly enhance generalisability to changing scenes and improve results since ground
truth depth will be used as a sharper unambigous learning signal for training. Furthermore,
combining this with suggestion 2 mentioned above, will make the method generalisable and
high performance to even changing camera scenarios.
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Chapter 5

Improving Stereo Depth Estimation via
Self-Supervised Contrastive
Representation Learning

While pursuing sub-millimeter depth accuracy for surgery and building upon Chapter
4, | explored enhancing the complexity of my solution to accommodate Stereo inputs
(better suited for surgical scene and improved depth). After investigating traditional
Computer Vision (CV) and Deep Learning (DL) solutions in stereo depth estimation, it
became evident that supervised learning-based approaches consistently outperformed
their self-supervised counterparts. However, supervised approaches rely on exhaustive
ground truth data and have limited transfer-ability to new data distributions (as outlined
in chapter 4 and in literature). These characteristics limit their use in surgery and for
future upgrades (especially if data has to be recollected; which is arduous). The ques-
tion addressed in this chapter is: can we enable self-supervised learning approaches to
learn weight distributions akin to supervised approaches? If so, one can utilise all the
unlabeled surgical data and jointly enhance stereo-depth estimation performance with-
out the needing dense ground truth data (which is difficult to attain). Hence, building on
my previous research in self-supervised learning | designed the first Contrastive Repre-
sentation Learning (CRL) method to work on highly similar images like stereo and made
it scalable for training on a single GPU (traditional CRL required substantial computa-
tion resources and worked well on dissimilar images). CRL allows discretising feature
representations for the stereo input such that even when paired with self-supervised
learning strategy for depth estimation, DL models can optimise stereo depth estimation
with lower ambiguity and errors. This work attained state-of-the-art (SOTA) performance
on both surgical and natural scenes showing the power of learning generalisable repre-
sentations. The insights from this work enabled me to create a follow-on method that
achieved sub-millimeter accuracy, discussed in chapter 6.

The work in this chapter was published in the conference proceedings of the 25" international
conference on Medical Image Computing and Computer Assisted Intervention (MICCAI) in 2022
[217].
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9.7, Qverview Contrastive Representation Learning for Stereo Depth

5.1 Overview

Accurate stereo depth estimation is crucial for 3D reconstruction in surgery. Self-supervised ap-
proaches are more preferable than supervised approaches when limited data is available for train-
ing but they can not learn clear discrete data representations. In this work, we propose a two-phase
training procedure which entails: (1) Performing Contrastive Representation Learning (CRL) of left
and right views to learn discrete stereo features (2) Utilising the trained CRL model to learn disparity
via self-supervised training based on the photometric loss. For efficient and scalable CRL training
on stereo images we introduce a momentum pseudo-supervised contrastive loss. Qualitative and
quantitative performance evaluation on minimally invasive surgery and autonomous driving data
shows that our approach achieves higher image reconstruction score and lower depth error when
compared to state-of-the-art self-supervised models. This verifies that contrastive learning is ef-
fective in optimising stereo-depth estimation with self-supervised models.

Brief video explaining the work: 5 min video
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5.2 Introduction

Depth estimation holds substantial importance in a wide range of applications in Minimally Invasive
Surgery (MIS) ranging from soft tissue 3D reconstruction, surgical robot navigation to augmented
reality. One method of perceiving depth is with a stereo camera by estimating the horizontal dis-
placement (disparity) from the left image pixels to the corresponding right. End-to-end deep learn-
ing stereo reconstruction methods, have become state of the art. They are typically categorised
as supervised and self-supervised.

Stereo reconstruction models trained via supervised learning directly learn to regress the disparity
values relying on ground truth data [129][70][256][2710].These models are typically trained on syn-
thetic data [147] followed by fine-tuning on real scenes, to deal with limited ground truth availability.
However, there is an inherent discrepancy between the two data sources, especially in surgical ap-
plications where scarce ground truth data, poorer image quality, limited space, shorter depth dis-
tance and a myriad of scene variations, can cause model performance to drop. For self-supervised
methods, the training data is abundant since, only images and no ground truth is required. There-
fore, an end-to-end self-supervised approach capable of harnessing diverse real data, can generate
high-quality results for any scenario where ground truth data is limited. Self-supervised stereo re-
construction methods are trained to conduct novel view synthesis thus, optimising the photomet-
ric re-projection error [165][228][264][214]. This error however, can be optimised by a wide range
of divergent disparity values resulting in inconsistent geometry. This is because self-supervised
methods can not learn discrete feature representations between the stereo views.
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Figure 5.1: T-SNE visualisation of model embeddings on Kitti2015 test data (200 images).
Labels 0 and 1 signify embeddings of left and right views, respectively. (A) generated from
pre-trained [129], (B) our proposed StereoCRL trained with Eq. 182 (C) our model variant trained
only via self-supervision Eq.2, on Kitti raw split (42,382 stereo frames).

As shown in Fig. 5.1(A), supervised methods have a unique property of learning clear discrete fea-
ture representations for the stereo views (shown by the distance between left and right embed-
dings) whilst still learning similarities between the views (shown by the similar shape of the fea-
ture representations). Self-supervised methods are unable to reach that resolution in the feature
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space as shown in Fig. 5.1(C), learning a mixed embedding between left and right views and thus
a confused disparity.

The question we address in this paper is, how can we make self-supervised approaches learn dis-
crete representations similar to supervised methods, without relying on ground-truth? To achieve
this, we propose StereoCRL a two-stage training process which entails (1) training an encoder via
CRL [28], to generate distinct feature embeddings for left and right views, followed by (2) self-
supervised training for disparity estimation.

5.2.1 Contributions

Our main contributions are the following:

1. We design a procedure for training stereo depth models based on joint contrastive rep-
resentation and self-supervised learning. To the best of our knowledge, this is the first CRL
methodology applied for stereo depth estimation.

2. We introduce a new CRL method by defining a momentum pseudo-supervised contrastive
loss for efficiently scaling and training our encoder model.

3. We pair our CRL-trained encoders with a decoder architecture based on cost volume feature
aggregation for learning high quality disparity maps.

4. We exhibit that our CRL methodology can boost performance of models trained simply with
traditional image re-projection error.

Existing CRL loss functions [28][74] require high computational resources to learn discriminative
representations between highly similar images. Our proposed CRL method is tailored for learning
differences between highly similar images such as stereo pairs, and is scalable even on a single
GPU hardware. The performance of our StereoCRLhas been evaluated on 2 MIS datasets Hamlym
[67] and SCARED [6] and non-surgical scenes from Kitti2015 [146].
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5.3 Related Works

5.3.1 Supervised Stereo Depth Estimation

In supervised stereo depth estimation, all approaches learn to directly regress the ground truth
disparity values. Initial approaches, utilised convolutional networks to perform stereo matching.
Essentially, replacing the hand crafted features used in traditional stereo-matching algorithms with
deep learning features. Recently, fully end-to-end methods have been proposed that replace this
stereo matching pipeline and instead focus on designing the deep learning model architectures.
One of the popular approaches involved using a combination of a convolutional backbone, with
spatial pyramid pooling module and cost volume aggregation which leads to superior results [70].
Some methods propose more sophisticated ways of cost volume regularisation [256]. [210] pro-
posed a new model architecture without explicitly building a cost volume. [129] introduced a new
architecture inspired by optical flow models and recurrent neural networks. However, in all su-
pervised learning methods ground truth is a necessity for training which is not always feasible to
collect. Especially in the case for surgery where ground truth availability is limited and domain
adaptation is a key issue.

5.3.2 Self-Supervised Stereo Depth Estimation

In self-supervised stereo depth estimation, no ground truth is required. The problem is formulated
as novel view synthesis, hence, the learning signal is based on photometric re-projection error.
[63] introduced, a stereo based re-projection error, for training a monocular model. This has been
adopted and enhanced in many proposed methods for stereo depth estimation. [165] extended [63]
framework to stereo, by introducing a new model architecture and experimenting with adversarial
training with cycle consistency for the photometric loss. [228] trained a joint self-supervised opti-
cal flow and stereo depth estimating model in a multi-task learning approach. Additionally, [264]
proposed a new model architecture based on cost volume generation and Total Generalized Vari-
ation (TGV) term as regularisation for the photometric error. [214] took a different approach, by
performing supervised pre-training of a model followed by self-supervised continuous adaptation.
However, a persisting issue with photometric error is that, it can be optimised by a range of incor-
rect disparity values. This inhibits end-to-end self-supervised model performance. Thus, in this
work we explore a CRL as a pretext task to improve end-to-end self-supervised learning.
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5.4 Methods

5.4.1 Stereo Contrastive Representation Learning

The premise of contrastive learning is to learn distinctiveness in the data representation. It involves
training an encoder model to be capable of recognising similarities in scenes that are alike and
differences in dissimilar scenes. The aim of CRL is to ensure the encoder learns general features
such that its embeddings for similar objects (positive samples) are grouped closer together in
the embedding space and separated from dissimilar objects (negative samples). In our proposed
StereoCRL, positive and negative samples represent the left and right images, respectively [28].
Thus, our encoder model must learn discrete feature representations for the left and right images,
such that for the same view the representations are close together and for the corresponding stereo
view farther apart, as shown in Fig. 5.1.

To design an efficient CRL algorithm we must overcome the following challenges. (7) Limited Re-
sources: CRL algorithms like SImCLR [28], require the encoder to observe vast number of negative
samples at each training iteration (i.e. up to 4000 samples per batch). This is to ensure the em-
beddings for each positive sample are compared with enough divergent negative samples at each
gradient update. (2) High scene similarity: most existing CRL algorithms are initially trained on
classification tasks where, there is enough variation between objects in positive and negative sam-
ples. However, in the case of stereo images, the scene is extremely similar hence, optimising their
embeddings to be far apart will require an additional learning signal.

Consider SimCLR [28] method adapted for stereo images is illustrated in Fig. 5.2(A). Each image
is first parsed into a data augmentation module that performs the following set of transforma-
tions randomly: (1) horizontal flipping, (2) colour distortion, (3) Gaussian blurring and (4) variations
in brightness, luminance (gamma parameter) and saturation. The augmented variants for each
batch are processed by the encoder to generate a set of embeddings, h;, for each image i in the
batch. These embeddings are further parsed through a projection model which is a small Multi
Layer Perceptron (MLP) G, which re-projects them into a different latent space followed by L2
normalisation i.e. z; = Gg4(h;). The embeddings z; for the same view, should maximise cosine
similarity. G is only used for CRL training and is discarded upon completion.

However, this standard CRL solution suffers from challenge (1) mentioned above. Hence, we ad-
vance the CRL process by formulating CRL as a dictionary look up problem as shown in Fig. 5.2(B).
Instead of using large batch sizes to store negative samples for training, we use a memory bank
(queue) to store the generated embeddings, same as [/4]. In our case, the projection network Gy,
predicts ¢; = G4(h;) instead of z; for each i image in the batch. Where ¢, is a query embedding
of h,;. Every time a batch is processed, a ¢; is generated. At the same time, another encoder model
entitled key encoder processes a batch of negative images and a single positive image to generate
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Figure 5.2: The stereo contrastive learning framework. (A) The intuition of CRL and (B) Our
proposed CRL approach.

keys k; and k;t, respectively. The key encoder is not trained, instead its weights are updated using
the weights of the other encoder via momentum update [/4]. The keys generated are stored in a
memory bank, dynamically creating a dictionary of features on the fly. The intuition is that there
is a single key k;" that the ¢; matches with. Thus, the contrastive loss value will be low when ¢ is
similar to &;~ and different from the other keys (k;") in the queue. Ultimately, the encoder learns to
make ¢ for the same view highly similar, without needing large batches of images, since the loss
can be scaled to observe negative samples as query-key vectors.

The above solution still suffers from challenge (2). To overcome this challenge, we define a new
loss function to train our encoder based on a supervised variant of the contrastive loss [107]. This
loss function leverages ground truth labels as an anchor to enable the encoder to implicitly cluster
embeddings of the same class together whilst simultaneously distancing clusters from different
classes. To ensure we maintain self-supervision, we create pseudo ground truth labels live during
training. Our labels are binary, i.e. 0 and 1 for the left and right images, respectively. This forces
the model to simply differentiate between left and right feature embeddings such that they are far
apart from one another. We further augment this loss, to enable training with our proposed CRL
approach, using query-key vectors. Hence, we introduce the momentum supervised contrastive

loss: (6K 7)
-1 exp(q; - K /T
Lo = 2n Yien(log J
e Yioexp(q - ki/T)

T ]
mo:crl 1:12|Ni| -1 (5 )
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Figure 5.3: StereoCRL model architecture. Solid black and dotted lines denote forward prop-
agation and skip connections respectively.

where, N = (i,y;) is the number of randomly sampled images in a batch and the corresponding
label (1;), 7 is the augmented image sample in the batch and 7 is a temperature parameter, used for
scaling the output in the range of -1to 1 for calculating cosine similarity. &;" is the single positive
key in the memory bank. The sum is conducted over one positive and K negative samples. This
loss is effectively the log loss of K + 1 samples where a softmax based classifier (Gy) is trying
to classify ¢; as y; and k;". Hence, phase (1) of our method, involves pre-training the encoder
via Eq. 5.1, prior to the downstream task of disparity estimation. In phase (2) the key encoder is
discarded, and a decoder model is trained for self-supervised disparity estimation. The final model
is shown in Fig. 5.3 where the trained encoder is frozen and paired with a decoder.

5.4.2 Decoder Architecture

Our decoder comprises of 5 sequential blocks to mirror the encoder, schema shown in Fig. 5.4.
Each decoder block utilises 3 convolution layers namely,UpConv, iConv and DispPred. All layers
have a filter size of 3x3 except DispPred which is 1x1. All convolution layers are followed by nor-
malisation (Batch) and activation (eLU) layers, except for DispPred since it outputs direct disparity.
Each of the last 4 blocks outputs left and right disparity maps which are increasing spatially by
a scale-factor of 2 in ascending order. Much like a DispNet [143] architecture, our decoder takes
forward propagating feature maps and skip connection feature maps from both left and right view
encoders, shown in Fig. 5.3. We redesign the original DispNet decoder layer to ensure effective
learning from both the incoming features and the skip connection features by generating a cost
volume at each scale for multi-scale disparity estimation. The cost volume is used to encode fea-
tures for disparity by discretising in disparity space and comparing the features along epipolar lines.
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Figure 5.4: Decoder block schema. The solid and dotted lines signify forward propagation
and skip connections, respectively.

This overcomes the issue of normalised disparity predicted by DispNet and other self-supervised
models [165], [228] which is affected by changes in image scale.

Typically, to process cost volumes, 3D convolution is used. However, this requires high computa-
tional cost and limits operations at low resolution. Given our loss is based on photometric error, we
require iterative refinement. We opted for an efficient multi-scale cost volume generation same as
PWCNet [203] at each decoder block. In particular, the right skip connection feature map is warped
using the predicted left disparity, and the resulting warped feature map is correlated with the left
skip connection feature map. For our cost volume, we set the search range to [-5, 4] pixels, allowing
a sufficient radius for negative and positive disparities. Furthermore, we estimate the cost volume
in each decoder block alongside disparity. At each block all the feature maps are increased by a
scale factor of 2. Thus, StereoCRL iteratively refines its disparity estimate by adjusting its cost
volume weights at each scale.

5.4.3 Self-Supervised Loss

In phase (2) of our method, only the decoder is trained via self-supervised photometric error us-
ing stereo video sequences, similar to [63] for disparity estimation. The output predicted left and
right disparity maps (D2 and D?%) from the last 4 layers of the decoder are used to warp the
input stereo frames I¢7 and 757 The photometric warping error is defined by utilising a warping
function F,., 0N the input images for generating its corresponding stereo image via the opposite
disparity map i.e. Fiamp (187, D’;{ed) generates the predicted right image 757 and vice versa.
The loss function therefore, is based on the reconstruction error between the synthesised images
and the original image which acts as ground truth. Standard loss components utilised are image
reconstruction Lo, disparity smoothness Lg,...:n and left-right disparity consistency Lz reons
[63]. This is defined as:

Lpe - 51Lrecon + 52Lsmooth + 5BLLRcons (52)
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L,. is performed on both the synthesised left and right images at each scale. L, e, iS composed
of Multi-Scale Structural Similarity Index (MS-SSIM) together with a L1 loss term.

5.4.4 Implementation Details

The encoder architecture used is a ResNet50. For phase (1) of CRL training, the encoder was
trained for a maximum of 200 epochs on a combination of the following 3 datasets: Kitti raw
data containing 42,382 frames, CityScapes [37] containing 88,250 frames and Hamlyn MIS data
containing 34,240 frames. For phase (2), only the decoder was trained via L,. on Hamlyn MIS and
Kitti raw data, independently. Our maximum disparity range is set to 192. The output dimension of
query and key vectors ¢; and k; were 128. The temperature 7 was set to 0.07 and the batch-size
used in the study was 16 and maximum memory bank capacity was 3000. In L,., the weightings
01,00 and 63 were 0.85, 1.0 and 1.0, respectively. The hyperparameters were selected using the
original paper sources, for temperature 7 [/4] and for deltas d, [63], respectively. Testing was
performed on the SCARED test dataset [6] comprising of 5,637 stereo image pairs without any
finetuning (for testing generalisation), Kitti2015 comprising 200 frames (all of which were used only
for testing) and Hamlyn comprising 7,191 frames. Images were processed at 256 x 512 resolution.
Nvidia Tesla T4 was used for training. CRL and self-supervised training computation time was 3.5
and 1 GPU days, respectively. We also train a variant of StereoCRL only on Eq. 5.2 (no CRL pre-
training) for comparison. For this process we randomly initialise weights of the encoder and jointly
train it with the decoder.
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5.5 Results & Discussion

The performance evaluation was conducted on the Hamlyn, SCARED and Kitti 2015 datasets. Due
to lack of ground truth in Hamlyn, we compare the Structural Similarity Index (SSIM) between the
original and the predicted stereo images, same as [249]. Since ground truth is provided in SCARED,
we compare mean absolute depth error in mm on test sets 1 and 2 with other self-supervised
methods submitted to the original challenge [6]. Since Kitti2015 contains ground truth disparities
too, we show end-point-error benchmark.

Left Image :

StereoCRL
(Eq.2)

StreoCRL m

(Eq. 1&2)

Figure 5.5: Depth maps generated on the Hamlyn and the Kitti2015 test split. Inclusion of
(Eq.) signifies the type of loss the model was trained with.

Fig. 5.5 compares depth estimated by StereoCRL model variants, i.e. one trained on the proposed
approach with Eq. 5.1&5.2 and one trained only via self-supervision with Eq. 5.2. One can observe
that StereoCRL Eq. 5.1&5.2 outperforms StereoCRL Eq. 5.2 in all scene types. This is visible from
the sharper depth maps generated by StereoCRL Eq. 5.1&5.2. The model variant trained on Eq.
5.2 is unable to resolve depth for the anatomical structures in the background as shown in Fig. 5.5
samples 1and 3. Furthermore, it results in blurry disparity maps around the edges of robotic tools
and anatomical structures. Whereas, the Eq. 5.1&5.2 variant is exceptionally capable of learning
different features for such anatomical structures in the background, creating smoother and sharper
depth. Same performance is visible when observing non-surgical scene results in samples 4 and
5. The Eq. 5.185.2 variant estimates sharper depth around the leaves on the trees (sample 5)
and the poles holding the traffic lights (sample 4). The full CRL approach overcomes the issue
of mixed feature embeddings that pure self-supervised learning typically generates. This enables
the model to learn independent discrete feature representations for both the input views, which are
later combined by the decoder for prediction of sharper depth maps with iterative refinement.

The proposed model is also quantitatively validated on the Hamlyn, SCARED and Kitti2015 datasets
in Tables 5.1, 5.2 and 5.3, respectively. In all three cases, our model outperforms traditional stereo
depth estimation methods as well as, state-of-the-art (SOTA) self-supervised deep learning meth-
ods. In Table 5.1, the high SSIM score verifies that our model generates high fidelity disparity
maps and yields better reconstruction accuracy. This exhibits the importance of explicitly mod-
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Table 5.1: Performance evaluation on the Hamlyn. Best results highlighted in bold.

| Methods | ELAS [60] | SPS [246] | V-Siamese [249] | StereoCRL Eq. 2 | StereoCRL Eq. 182 |
Mean SSIM | 47.3 547 60.4 80.8 83.7
Std.SSIM_[0.079  [0.092 | 0.066 0.033 0.023

Table 5.2: Mean absolute depth error (mm) on SCARED. Best self-supervised results are high-

lighted in bold.

Method Method Type | Test Set 1| Test Set 2
Trevor Zeffiro [6] Supervised 3.60 3.47

Xiran Zhang [6] Supervised 6.13 4.39

J.C. Rosenthal [6] | Supervised 3.44 4.05

Zhu Zhanshi [6] Supervised 9.60 21.20
KeXue Ful6] Self-Supervised | 20.94 17.22
Xiaohong Li[6] Self-Supervised | 22.77 20.52
StereoCRL Eq. 2 | Self-Supervised | 19.81 16.32
StereoCRL Eq. 182 | Self-Supervised | 16.91 11.10

elling stereo features within self-supervised models. The same can be inferred from the results in
Tables 5.2 and 5.3, which shows that our model improves on the current benchmark. Particularly,
Table 5.2 also shows our model's capability in generalising to other laparoscopic stereo frames,
since no fine-tuning was performed. In Table 5.3, we outperform other SOTA methods. Additionally,
to asses the impact of our proposed CRL loss defined in Eq. 5.1, we performed an ablation study by
training 2 new variants of StereoCRL using (1) Vanilla CRL loss [28] and (2) Vanilla MoCo loss [/4].
Both variants are later finetuned for disparity estimation via Eq. 5.2. Variant 1 achieved average
depth error of 24.5 and 21.4 mm on SCARED datasets 1and 2, respectively. Variant 2 achieves 23.2
and 23.6 mm on the same datasets. Both variants perform worse than the proposed StereoCRL
method, which achieves 16.9 and 11.1 mm error, respectively. The results of the new variants are
like a model trained only on photometric loss. This further verifies StereoCRLs ability in learning
discriminative representations.

Samyakh Tukra 3D Vision for Robotic Surgery 14



5.5. Results & Discussion

Contrastive Representation Learning for Stereo Depth

in bold.

Table 5.3: Evaluation Results on Kitti2015 Benchmark. Measuring % of disparity outliers (D1).
Where ‘all signifies outliers averaged over all ground truth pixels image. Best results highligted

Method Method Type D1-all
SsSMnet [264] Self-Supervised | 3.57
MADNet [214] Self-Supervised | 4.66
UnOS [228] Self-Supervised | 5.58
StereoCRL Eq. 2 | Self-Supervised | 4.91
StereoCRL Eq. 1&2 | Self-Supervised | 3.55
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5.6 Conclusions

Supervised learning based depth estimation approaches typically outperform self-supervised coun-
terparts. However, training a model to descritise the stereo input images into distinct feature rep-
resentations is certainly the way forward to improve self-supervised training. We show that our
approach despite being end-to-end self-supervised, is capable of learning generalisable feature
representations without reliance on expensive ground truth on surgical data. This is due to CRL
boosting the model’s feature representations. Our future work will entail experimenting with addi-
tional loss terms such as occlusion masking, and experimenting our contrastive learning approach
paired with a supervised model to explore if generalisation can be improved.

5.6.1 Learnings & Future Work

Through my work on this chapter, | gained a deeper understanding of the crucial factors for en-
hancing stereo depth performance in Deep Learning (DL) models. This accomplishment not only
showcased the effectiveness of the methods employed but also laid the foundation for the sub-
sequent chapter (6) where | develop a framework that attains sub-millimeter depth accuracy. In
this chapter, | discovered self-supervised learning is effective for attaining generalisable stereo in-
put representations but suffers from ambiguity due to photometric re-projection error. Supervised
learning methods, on the other hand, provide sharper learning signal. So it raises the question is
self-supervised learning really even needed for stereo depth estimation downstream once gener-
alisable features have been learnt? | explore this in the next chapter, where | propose a joint self-
supervised and supervised learning framework for achieving generalisable stereo depth with sub-
millimeter accuracy. Nevertheless, | have following suggestions on how self-supervision should be
employed in stereo depth estimation for future.

1. Live adaptation: Instead of using self-supervised learning as a baseline training method,
use it to update the model online in real-time. Since, photometric re-projection error is self-
supervised one can perform test-time training to continuously improve results in real world
settings.

2. Data distribution drift in deployable pipelines: One key issue when deploying models in the
real world is data-drift. This is where the distribution of real-world data is significantly different
from training and this causes model estimated to fail. The photometric re-projection metric
can be used as both a way to detect drift as well as a way to overcome it via test-time training,
suggested in (1).
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Chapter 6

Generalisable Stereo Depth Estimation via
Masked Image Modelling

In this work, | address and achieve the challenge of obtaining sub-millimeter accuracy
in depth estimation for Minimally Invasive Surgery (MIS) (problem #2 outlined in Intro-
duction). Building on the findings from Chapter 5, it became clear that self-supervised
learning helped learn generalisable feature representations for stereo inputs. However,
the obstacle to attaining sub-millimeter accuracy is primarily the self-supervised loss
function itself. This loss is a photometric re-projection error, which can be optimised for
a broad range of disparity values, leading to inconsistent geometry. Furthermore, it is
scale ambiguous which inherently distorts the relative depth information. Hence, super-
vised learning is vital, as the ground truth training data provides an unambiguous & sharp
signal for accurate depth representations. The question addressed in this chapter is: IS it
possible to achieve best of both worlds i.e. accurate and unambiguous depth (via super-
vised learning) that can also adapt and generalise to varying scenes (via self-supervised
learning)? My intuition was that self-supervised learning was only necessary to assist in
acquiring generalisable feature representations for the scenes’ context. Once achieved,
supervised learning can optimise for depth without affecting generalisability, because
the loss is based on patch-based comparison between the two views which is not scale
ambiguous. | proposed a two-stage approach, beginning with Masked Image Modelling
(MIM) for generalisable feature representation learning, followed by supervised learning
for depth estimation on simulation data. Simulation data was intentionally chosen due
to (1) dense ground truth, and (2) no bias towards natural/surgical scenes. The method
achieves sub-millimeter accuracy, setting a new state-of-the-art (SOTA).

This work has been submitted to the conference proceedings of the 26" international conference
on Medical Image Computing and Computer Assisted Intervention (MICCAI) in 2023. Additional
co-authors (27¢: Chi Xu, and 3"%: Haozheng Xu) aided with the results generation.
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6.1 Overview

Generalisable and accurate stereo depth estimation is vital for 3D reconstruction, especially in
surgery. Supervised learning methods obtain best performance however, limited ground truth data
for surgical scenes limits generalisability. Self-supervised methods don't need ground truth, but
suffer from scale ambiguity and incorrect disparity prediction due to inconsistency of photometric
loss. In this work, we propose a two-phase training procedure that is generalisable and retains the
high performance of supervised methods. It entails: (1) Performing self-supervised representation
learning of left and right views via Masked Image Modelling (MIM) to learn generalisable seman-
tic stereo features (2) Utilising the MIM pre-trained model to learn robust depth representation
via supervised learning for disparity estimation on synthetic data only. To improve stereo repre-
sentations learnt via MIM, we introduce perceptual loss terms, which improves the model's stereo
representations learnt by explicitly encouraging the learning of higher scene-level features. Quali-
tative and quantitative performance evaluation on surgical and natural scenes shows that our ap-
proach achieves sub-millimeter accuracy and lowest errors respectively, setting a new state-of-the-
art (SOTA). Despite not training on surgical nor natural scene data for disparity estimation.
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6.2 Introduction

Depth estimation is of paramount importance in Minimally Invasive Surgery (MIS) facilitating, soft
tissue 3D reconstruction, surgical robot navigation and augmented reality. A popular method of per-
ceiving depth is with a stereo camera by estimating the horizontal displacement (disparity) from
the left image pixels to the corresponding right. End-to-end deep learning stereo reconstruction
methods have become SOTA. They are typically categorised as supervised and self-supervised.
Supervised learning methods directly predict disparity (regression) by training on ground truth dis-
parity data [129][/0][256][210]. They usually undergo training using synthetic data [141], followed by
fine-tuning on real-world scenes to overcome the limited availability of ground truth. Despite their
popularity, they face several challenges in surgical applications. Discrepancy between training and
inference data, limited ground truth data, lower image quality, restricted space, and a multitude of
scene variations, are factors that lead to reduced performance.

Self-supervised methods don't require ground truth disparity, making images-only training data
abundant. These methods optimise photometric re-projection error through novel view synthesis.
[217][165][228][264][214]. Self-supervised methods show potential, but are not as effective as su-
pervised methods. This is because the photometric error can be optimised for a large range of
disparity values, resulting in inconsistent geometry. Furthermore, the relative depth information
between stereo images is inherently scale ambiguous. Making it challenging to learn robust repre-
sentation of depth via self-supervision, especially in scenes with occlusions, textureless regions,
or repetitive structures, which is prevalent in surgery. Supervised learning is key for robust stereo
depth, since training on ground truth provides a strong, unambiguous signal for learning accurate
representations. A question emerges though; can we have the best of both worlds i.e. unambigu-
ous depth that is also generalisable to different scenes?

For achieving generalisability, visual representation learning is key. Learning robust feature repre-
sentations also allows improved downstream performance as shown in [73][12][27]. These tech-
niques utilise image reconstruction as a preliminary task, relying on the principle that by learning to
predict patches in a masked image, useful representations about the context of the scene can be
obtained for further tasks. This is proven by the enhanced data label efficiency on various standard
benchmark datasets. Hence, in this work we experiment with this MIM approach, to train an en-
coder model to learn stereo feature representations, that can be fine-tuned downstream to encode
robust depth feature representations. This endows our model with both generalisable features via
MIM and unambigous sharp depth via supervised-learning for disparity estimation.

In this paper we build on [73] and propose StereoMAE a two-stage training process which entails
(1) training an encoder via MIM, to generate robust feature representations for left and right views,
followed by (2) supervised training for disparity estimation. Furthermore, we enhance MIM in (1) by
using perceptual similarity learning [94], leading to learned representations that effectively capture
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the intricacies of the scene and object boundaries without explicit guidance or manually designed
inductive biases.

6.2.1 Contributions

Our contributions are the following:

1. A novel approach for training stereo depth models by combining self-supervised MIM and
supervised stereo depth estimation. To the best of our knowledge, this is the first work to apply
MIM for stereo depth estimation.

2. We propose a new approach to boost MIM by incorporating perceptual similarity loss term
for learning generalisable visual semantic concepts.

3. We present a modular model architecture for combining any pre-trained MIM encoder model
with any off-the-shelf decoder to enhance depth estimation.

4. Our joint MIM-supervised approach enhances performance, yielding a generalisable model
with sub-millimeter accuracy in surgical depth estimation.

The performance of StereoMAE has been evaluated on MIS data; SCARED [6], non-surgical scenes
from ETH3D [189] and Middlebury [78].
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6.3 Methods

The method is divided into two phases; (1) Pre-training via MIM for enhanced representation learn-
ing followed by (2) supervised downstream fine-tuning for stereo depth estimation. The learning
framework for (1) is inspired by MAE [73]. Supervised training in (2) is based on RAFT-Stereo [129].
However for (2) any training methodology from the supervised stereo depth literature can be used.

Concatenate encoder features
with masked patches

- D ——
ann

Encoder: NLayers Decoder Dlayers Reconstructed

A
| Weight Sharing ! Welght Sharing Left Image
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T - ___||||—>|

Decoder: DLayers

Left Image

Encoder: NLayers Reconstructed

Right Image
Right Image

Figure 6.1: Masked Image Modelling (MIM) pipeline for StereoMAE comprising of a weight
sharing transformer encoder-decoder model. Where N and D are the total number of trans-
former layers that make up the corresponding models.

6.3.1 Stereo Masked Image Modelling

MIM involves randomly masking pixels of an input image and training a model to predict the in-
visible content [73][12][27]. The intuition is that the model learns the representation of the masked
pixels by inferring details from the surrounding valid pixels. In the end, if a model is capable of
reconstructing the missing content with valid pixels, the model has learnt the context within the
image by encoding its semantic features.

We adapt the method in [73], which utilises an auto-encoder model for stereo images as shown in
Figure 6.1. In particular, we construct the auto-encoder model, using Vision Transformer (ViT) com-
ponents [174]. The encoder consists of several layers of ViT-Base (ViT-B), a 12 layer transformer
model. The custom decoder is composed of 8 transformer layers. Given the leftimage as input, itis
first resized to 224x448, divided into patches of size 16x32 and 75% of them are randomly masked.
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The encoder is fed only the un-masked patches as input, and it generates corresponding features
representing the visible scene parts. These features are then concatenated with the patches that
were not fed into the encoder and inputted into the decoder to reconstruct the full left image as
output. The model is trained via pixel image reconstruction (photometric error). The same is done
for the right input image. For the left and right input views, the weights of the encoder and de-
coder are shared, allowing them to learn joint global stereo representations for reconstructing the
scene.

In our work, we do not train the aforementioned model using the Mean Square Error (MSE) loss from
the original work [73]. MSE, which compares pixel intensities, is a low-level metric and insufficient
for capturing complex structures in an image as it assumes pixel-wise independence. Hence a
model's capacity is wasted since high frequency global feature distribution will not be captured.
Perceptual similarity, which mimics human visual perception [259], is a better metric for evaluating
image similarity and capturing high-level semantic features, essential for model generalization.
Hence, we hypothesise, that training MIM with perceptual similarity will enhance the models’ output
quality and coherence. The focus is on learning high-level relationships between elements in the
image, not just low-level details. Thereby reducing the model's vulnerability to masked regions and
improving overall semantic content and structure capture

Therefore, to train StereoMAE we utilise a perceptual loss for MIM for learning the required high-
level semantic features that represent the scene context (thereby improving its downstream gen-
eralisability). Inspired by [94] our perceptual loss comprises of three loss terms: (i) L1 (ii) feature
matching and (iii) style transfer losses. L1 loss encourages sparse representations by optimizing
absolute intensity values. The feature matching loss compares the feature representations of the
reconstructed output and target image, while the style loss measures the difference in statistical
distribution of high-level feature activations, capturing image texture and aesthetics. To calculate
(ii) and (iii) we utilise a pre-trained feature extractor model i.e. VGG16 (though any arbitrary model
can be used).

J

Lipim = |IG(1 )—Hh+®§:%ﬂ@“0@0%—WUmﬂ

= (6.1)
HWW 1)) = ©(¢ (D)]]1]

IIM&

where, I is the original input image, I,,, is the masked input image, G is the StereoMAE model, ¢
is the feature extractor model and W is the gram matrix. The loss weights  and J, are 0.05 and
40.0, respectively. L, is calculated for both the left and right views, making the full MIM loss
for StereoMAE the following:

Lunim = LIE, + L%

mwm mim

(6.2)
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where, I, and Iy are the left and right input views, respectively. MIM training was performed on a
mixture of real natural and synthetic scenes (no surgical scenes were used).

MIM Pre-trained Encoder
left features
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Figure 6.2: The downstream process of supervised stereo depth estimation training. Where
the feature extractor encoders pre-trained from MIM, are packaged with an off-the-shelf de-
coder for depth estimation. Any decoder of user’s choice can be used.

6.3.2 Supervised Downstream Fine-tuning

Once the encoders have been pre-trained via MIM in phase (1) we finetune them for disparity es-
timation. The full model architecture for downstream training is displayed in Figure 6.2. The ar-
chitecture is designed to be modular such that the pre-trained encoders can be combined with
any off-the-shelf decoder of the user’s choice. Thereby enabling a smooth transition from MIM to
disparity estimation without further modifications. The pre-trained ViT encoders generate features
for the (un-masked) left and right input images, and output a 3D tensor. The features have to be
reshaped into a 4D tensor for it to be processed by the decoders which are typically composed of
convolution layers. However, once reshaped, the positional encodings of the features change. To
ensure the decoder focuses on the necessary elements of the feature map, we parse the feature
map through a Feature Converter block; its purpose is to learn the transfer of MIM-trained features
to stereo-disparity features and select the relevant elements needed for the decoder. It comprises
of two 5x5 2D convolution layers and a bilinear interpolation module that resizes the tensor to a
scale of choice. The scale depends on the type of decoder used. In our experiments we utilise the
RAFT-Stereo decoder [129].

To train the final model we utilised a supervised-learning loss comprised of the L1 error between
the predicted and ground truth disparity. The RAFT-Stereo decoder generates a sequence of predic-
tions (from its multi-level GRU networks), hence our L1 error is computed over the full sequence of
predictions, [d}, ..., Y], with exponentially increasing weights. If a different decoder that outputs a
single disparity map is generated then, only the final single output d,, would have been used for the
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loss calculation. Considering ground truth disparity is defined as dy, the loss is defined as

Y

Lop =Y 7" "lldge = dy||s (63)

i=1

where, v = 0.9, is the weighting factor for the loss calculated for each scale and Y is the total
number of scales. The supervised training for disparity estimation was only conducted on synthetic
scenes (no surgical or natural scenes were used).

6.3.3 Implementation Details

For MIM training, we use the ViT-B architecture [/3], trained for 150 epochs on a combination of
the following datasets [37][142][2715][226][20] (a total of 411,942 stereo image pairs). The input
patch size is fixed to 16x32 and we mask 75% of input patches during training. The ViT-B encoder,
comprises of 12 transformer layers (IV), each with 12 self-attention heads and the final hidden di-
mension output is of size 768. The decoder architecture comprises of 8 transformer layers (D)
each with 16 self-attention heads and the hidden dimension output of size 512. The data augmen-
tation strategies include (1) resizing / cropping image to 224x448, (2) adding random distracting
shapes like rectangles of varying size and (3) random colour jittering. We train with a batch size
of 8 on 4-Nvidia Tesla GPUs. Adaptive Moment Estimation (ADAM) optimizer with a learning rate
of 0.00015, and weight decay of 0.05 (cosine strategy), 40 warm-up epochs and the momentum
parameters (; and 5 are 0.9 and 0.95 respectively were used. For downstream training, the pre-
trained ViT-B model is used as feature extractor with the RAFT-Stereo decoder architecture, for
disparity estimation. The same training strategy as [129] was utilised, though since our model is
modular, it can be combined with any downstream stereo-decoder model and training method. For
the downstream training of disparity estimation, only the Sceneflow training split [142] was used
(a combination of FlyingThings, Monkaa and Driving). Hence, only synthetic data was used for
training.
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6.4 Results & Discussion

We evaluated the performance of our model on both surgical and natural scenes, despite not
training on them. The following datasets were used for testing; SCARED, ETH3D, and Middlebury
datasets. To compare our results with other methods in the literature, we calculate the standard
metrics for stereo disparity evaluation i.e. average End-Point-Error (EPE) and the percent of pix-
els with EPE greater than a specified threshold (0.5, 1.0 and 2.0). Specifically for SCARED, we
also calculate the mean absolute depth error in mm on test sets 1and 2. We also exhibit qual-
itative performance of our MIM pre-training and downstream disparity estimation in Figures 6.3
and 6.4.

Left Image Input Masked Left Input Mean Square Error Perceptual Loss

Figure 6.3: Reconstructions of the left images on (A-B) SCARED and (C-D) Middlebury sam-
ples. Results of MIM pre-trained StereoMAE via Mean Square Error loss [/3] and the proposed
perceptual loss shown in 3¢ and 4** columns, respectively. The inputs were masked at 75%
mask-to-image ratio. StereoMAE was not trained on these datasets.

Figure 6.3 compares the reconstructed outputs of StereoMAE trained via the MSE loss from [/3]
and the proposed perceptual loss, on unseen datasets. It can be observed that StereoMAE trained
with perceptual loss outperforms MSE in all scenes. When using perceptual loss, we observe signif-
icant increase in the fidelity of the reconstructed patches with finer textural and structural details.
Exhibiting perceptual loss aids the model in learning higher-level feature representations that can
generalise to any scene type despite never having observed surgical scenes. When finetuned for
disparity estimation, StereoMAE visibly generates sharper depth maps despite only being trained
on synthetic data, as shown in Figure 6.4. Specifically, in sample A, StereoMAE generates the fine
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Left Image Input LEAStereo[5] RAFT-Stereo[13] STTR[12] StereoMAE

Figure 6.4: Left disparity outputs on (A) SCARED, (B) Middlebury and (C) ETH3D samples. All
models were trained only on synthetic data.

Table 6.1: Results of generalisation without fine-tuning on ETH3D, Middlebury, and SCARED
datasets. Lower is better for all metrics. Method highlighted in bold is best.

ETH3D Middlebury 2014 (H) SCARED Small
Method EPE | 0.5px | Tpx | 2px || EPE | 05px| Tpx | 2px || EPE | 3px
(pixel) | (%) | (%) | (%) || (pixel) | (%) | (%) | (%) || (pixel) | (%)
LEAStereo [37] 0.63 | 22.50 | 8.54 | 3.94 || 3.20 | 49.44 | 28.51 | 16.03 || 22.62 | 27.07
STTR[125] 1.29 | 30.37 | 11.33 | 4.85 || 2.22 |40.30 | 22.00| 12.21 || 6.03 | 9.52
RAFT-Stereo [129] || 0.27 | 810 | 2.33 | 0.96| 112 |24.28 |14.02| 843 | 116 | 4.59
StereoMAE 0.22 | 6.77 | 2.10 | 0.78 || 0.98 | 22.14 | 11.33 | 7.39 || 0.96 | 3.94

details on the robotic tool, whereas other methods either fail to achieve the correct disparity range
or miss fine details around the edges. Similarly in B and C, StereoMAE generates less holes around
the edges, as can be seen in the wheels / handle of the bike in B and the structures in the background
in C. Hence, by learning a generalisable feature distribution for stereo image representations and
disparity estimation, without any training on datasets from Figure 6.4, StereoMAE creates smooth
yet fine disparities.

The quantitative evaluation in Tables 6.1 and 6.2 also shows our model outperforming previous
state-of-the-art stereo depth estimation models in Stereo-benchmark datasets. StereoMAE achieves
lower EPE across the board on all datasets, despite not being trained on them. Furthermore, as
shown in Table 6.2, StereoMAE also sets a new record on surgical scenes, achieving sub-millimeter
accuracy in depth estimation. This exhibits the importance of visual representation learning for
developing generalisable feature distributions, and still retaining the fine details of disparity esti-
mation from supervised learning. Enabling generalisability to surgical images, without training on
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Table 6.2: Mean absolute depth error (mm) on SCARED. Best results are highlighted in bold.
None of the models were fine-tuned on SCARED, inference only.
SCARED 2079 SCARED Small
Method Testdata 1 | Testdata 2 || Small 19 [125]
MAE (mm) | MAE (mm) || MAE (mm)
LEAStereo [37] 3.82 4.57 1.48
STTR [125] 4.14 5.91 11.31
RAFT-Stereo [129] 3.74 428 1.07
StereoMAE 1.66 2.01 0.92

them.
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6.5 Conclusions

Accurate and generalisable stereo depth estimation is crucial for surgical applications. Supervised
learning is effective but limited by the scarcity of ground truth data in surgical settings, restricting
their generalisability. Self-supervised methods have issues with scale ambiguity and inaccurate
disparity prediction. Our StereoMAE approach demonstrates that by integrating MIM for feature
representation learning with supervised depth estimation, achieves the benefits of both methods.
Despite training only on synthetic data, StereoMAE shows generalisability to surgical and natural
scenes, achieving sub-millimeter accuracy in surgical scenes. This is attributed to robust feature
representations learned during MIM pre-training, which enhances the model's performance for sub-
sequent tasks. Future work will explore alternative designs and loss terms to enhance MIM and
improve stereo depth estimation.

6.5.1 Learnings & Future Work

This chapter demonstrates that self-supervision primarily improves model representations and
generalisability. Ultimately, supervised learning is adequate for stereo depth estimation without
impacting the pre-trained model's generalisability. Provided the pre-training strategy yields general-
isable results initially. Additionally, | showed that training on simulation data effectively generalises
and transfers the model to real-world scenes, albeit natural or surgical. The sharp learning signal
from dense simulated ground truth combined with generalisable features from MIM self-supervised
training, | achieved sub-millimeter stereo depth accuracy in surgical scenes. Consequently, further
improvements to this work can be explored in the following areas.

1. Improve model with vector quantisation for improved discretization of features: In this
work I improved MIM by training with perceptual loss, which improved the model's reconstruc-
tion quality and thereby learning deeper semantic context of the scene. [155] introduced vector
quantisation as a way to decretise features based on the context, allowing a greater separation
between objects and context in the scene in the latent space. It has proven to improve recon-
struction quality too. This could greatly enhance the model in both MIM pre-training phase and
downstream stereo depth estimation phase. | have created a sample model architecture of
this shown in Figs 6.5 and 6.6 making experimentation and design easy.

2. Domain randomisation in simulation data for robustness: Only simulation data was used
for training downstream stereo depth estimation. Hence, one easy improvement is to try sim-
ulations with tougher samples such as domain randomisation [213] and adversarial attacks
[137]. This will make the model robust to distractor objects and data drift between simulated
and real world scenes, thereby also improving generalisability.
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Figure 6.5: Masked Image Modelling (MIM) pipeline for StereoMAE with Vector Quantisation
module [155]. Where N and D are the total number of transformer layers that make up the
corresponding models.
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Figure 6.6: The downstream process of supervised stereo depth estimation training using
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Chapter 7

Boosting Depth with Temporal-Geometric
Consistency

In this chapter | address the challenges #3 and #4 (outlined in Introduction): Obtain-
ing temporal consistency in depth maps whilst being robust to dynamic motion and
occlusions. This chapter combines all the findings and research conducted in preced-
ing chapters 3-6. Chapters 4-6 describe my journey en-route to attaining sub-millimeter
depth accuracy. A key limitation thus far for the depth estimation models, are that they
estimate depth individually per-frame in a video. When these depth maps (per-frame)
are visualised in a sequence as a video, they flicker, which implies temporally inconsis-
tent geometry. This is further exacerbated due to dynamic motion, deforming anatomi-
cal structures, occlusions and more. Solving this is key, for adopting Mixed Reality (MR)
and autonomous robotics in applied surgery. In this chapter | expand on chapter 3's find-
ings and use generative modelling to train a model to learn video temporal dynamics and
chapter 6 for creating a new type of loss function that enforces multi-view geometric
constraints, ensuring predicted geometry is consistent in a sequence. To explore a new
pipeline, | focused on a monocular video setup, this simplified model design and allowed
for flexibility in exploring new training strategies. The proposed approach establishes a
foundation for achieving consistency in depth estimates in Deep Learning (DL) models
and is compatible with off-the-shelf depth estimation models. Therefore, enabling future
expansion to Stereo / multi-view input models, where the same pipeline can be used. In
particular the method designed comprises of a 3D-Unet trained via diffusion for learning
video dynamics and a Multi Layer Perceptron (MLP) for estimation 3D scene-flow. The
innovative loss function jointly optimises both to ensure depth video consistency and
enforces multi-view geometry constraints via scene-flow for robustness to dynamic mo-
tion. This approach learns video dynamics and maintains depth consistency for objects
with high dynamic motion despite camera movement and obfuscation by occlusions. It
serves as a precursor for future work, where consistent depth can be adapted for ob-
taining deformable depth for soft-tissue structures in Minimally Invasive Surgery (MIS).

The work in this chapter is the amalgamation of learnings from chapter 3-6 and has been submitted
to the IEEE Transactions on Pattern Analysis and Machine Intelligence (PAMI) in April 2023.
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7.1 Overview

Accurate 3D scene reconstruction from video data requires both temporal and geometric consis-
tency in depth estimation. However, this is difficult to attain due to dynamic changes in scenes
such as object and camera motion. Current Structure from Motion (SfM) methods lack the ability
to learn the temporal dynamics of a video and result in flickering and geometrically inconsistent
depth maps. In this paper, we propose a self-supervised learning algorithm that enforces geomet-
ric and temporal consistency in monocular depth estimation, by jointly optimising learning of the
camera pose and 3D scene-flow. For learning temporal dynamics, we introduce a denoising dif-
fusion model trained via a novel diffusion loss that iteratively refines depth estimation enforcing
multi-view geometric constraints and forward-backward depth consistency. For geometric consis-
tency, we introduce an auxiliary multi-layer perceptron for estimating scene-flow as a continuous
differentiable representation to embed local motion priors in 3D. Our method does not require any
pre-processing such as using COLMAP to estimate camera pose nor relies on future frames in a
video sequence thereby, making it deployable for online real-world use. Qualitative and quantitative
performance evaluation on surgical, natural and synthetic scenes shows that our approach sets a
new state-of-the-art (SOTA) in both temporal consistency and spatial accuracy in depth estimation.

Video result 1 (deforming sweater test): 21 second video
Video result 2 (moving camera test): 24 second video

Note (for video results above): The proposed approach is untrained on images and videos from my
iPhone 13 Pro Max, yet it successfully generalises to new camera intrinsics and extrinsics, yielding
sharp depth and less flicker compared to current SOTA methods. This is evident in Video 1, where it
reduces flicker artifacts even with a deforming sweater. In Video 2, the phone's front camera is used
and, the method demonstrates significant consistency for closer objects, however, an improved off-
the-shelf monocular depth model could better resolve depth for objects at greater distances.
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7.2 Introduction

The human visual system is capable of perceiving the world in three dimensions by inferring depth
from 2D images. However, training machines to achieve similar depth perception capabilities has
proven to be a complex and unconstrained problem. Depth perception is fundamental in com-
puter vision and has far-reaching implications for various technological advancements, such as
3D graphics, video stabilization, augmented and virtual reality, robotics, autonomous driving, and
other related applications. In Minimally Invasive Surgery (MIS), depth perception allows improved
visualisation of the surgical field, robotic navigation, and intraoperative surgical guidance.

Estimating depth from monocular video sequences is an open unconstrained problem. The chal-
lenges arise from dynamic moving objects, deformable scenes and camera motion. These fac-
tors generate a large space of potential values that can satisfy the depth optimisation strategy,
even if the geometry is not consistent. This issue is also prevalent in areas with uniform texture,
varying lighting conditions and occlusions. However, these conditions are very common in natural
scenes and especially in MIS due to soft-tissue anatomical structures. Current optimisation strate-
gies thus, yield inconsistent depth that fail to adhere to the underlying geometry. Therefore, novel
depth estimation models must incorporate prior knowledge of the geometric characteristics and
the scene dynamics to adapt to complex scenarios.

Traditional SfM approaches [207] use sparse data representations combined with dense Multi View
Stereo (MVS) techniques to find correspondences along epipolar lines, leading to accurate recon-
structions when matches are precise. These methods however often produce imprecise / noisy
matches due to the aforementioned issues causing drop pixels (holes in the depth maps) and in-
consistent depth, requiring regularisation via heuristic smoothness-priors to refine results. Recent
deep learning based methods for single-image monocular depth estimation [53, 64, 69, 171, 172,
216, 234, 245, 250] have achieved great performance boost, overcoming these issues. However,
they suffer from temporal flickering and inconsistent geometry when per-image depth maps are
viewed as a video and the results are only plausible up to a certain scale.

Recent deep learning models for depth estimation from monocular videos can be divided into two
categories: implicit and explicit learning methods. Implict methods, address the flickering chal-
lenge by implicitly enforcing temporal consistency by designing models with recurrent modules
[161, 257]. These methods do not explicitly enforce geometric consistency nor utilise geometric
priors. Instead, they rely heavily on learning the data distribution they were trained on. Hence, they
suffer from flickering when the inferred videos are divergent from the training distribution. Explicit
methods, explicitly enforce temporal consistency by adopting multi-view constraints to learn geo-
metric priors [124, 136, 257], optimising for depth using additional auxiliary information like pose
and optical flow. However, these methods require accurate camera parameters and pose to begin
with, which is challenging to compute and often fails due to the challenges mentioned earlier. Ad-
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ditionally, the presence of dynamically moving and deformable objects or epipolar-aligned motion
also result in poor 3D reconstruction performance.

Furthermore, explicit methods require test-time refinement, where the model is constantly trained
on new scenes whilst performing inference to allow continuous learning and adaptation [22, 30,
119, 136, 144, 267]. Test-time refinement typically requires substantial computational resources
and access to future frames for optimisation. This limits their live use.

Deformable SLAM methods [55, 121, 122, 134, 200] also produce inconsistent results, since they
rely on keypoints detected by feature extractor models that are dependent on the implicit data
distribution learnt and on accurate camera pose which is difficult to attain.

Hence, a question emerges: can we enforce geometric and temporal consistency even for dynamic
scenes? Thisis possible by simultaneously optimising multiple models to learn temporal dynamics
of a scene including camera pose and scene flow as they can mutually enhance each other to
overcome the aforementioned challenges. Current depth estimation methods have focused either
on implicit or explicit learning. In this work, we propose the first unified approach that combines
implicit and explicit learning. We propose to implicitly learn scene motion between frames and
explicitly enforce geometric constraints to refine depth for temporal and geometric consistency
even in challenging scenarios with moving objects, camera motion, and occlusions.

This paper proposes a novel self-supervised approach for monocular depth estimation. In partic-
ular, given initial depth estimates, three surrogate models are trained simultaneously to estimate
the 3D scene flow, the camera pose, and refine the initial depth maps, respectively. Advancing
the SOTA, the proposed method does not require any pre-processing steps (such as COLMAP in-
ference) to obtain accurate camera pose estimates, thereby enabling inference on videos in the
wild. Furthermore, since the surrogate models learn the features for enforcing geometric and tem-
poral consistency during training, the proposed method does not rely on test-time refinement. In
our case, test-time training can be performed optionally since our optimisation strategy is self-
supervised. Our method therefore, can be used for live applications.

7.2.1 Contributions

Our key contributions are the following:

1. We used for the first time video diffusion to implicitly learn temporal scene dynamics and
generate temporally consistent depth maps.

2. We combine the above implicit learning with a loss function that enforces multiview geo-
metric constraints to explicitly refine depth for geometric consistency.
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3. We designed a novel depth refinement model the so called, Temporal Consistency Enforce-
ment Network (TCENet) based on the 3D-Unet architecture, augmented with a spatio temporal
attention mechanism.

4. We defined a new diffusion loss function to train the TCENet model to generate depth maps
with both high and low frequency geometric details.

5. We propose an approach to estimate dense 3D scene flow. For this purpose, a video is rep-
resented as a temporal sequence of volumes. A multi-layer preceptron the so called, FlowMLP
is trained to predict scene flow as a continuous probability distribution across time.

In our work, we assess temporal coherence in depth by using optical flow warping and scene re-
construction. Thereby showing that by addressing temporal consistency in depth makes model
outputs robust to occlusions as well as, simultaneous scene and camera motion. We validated
our method qualitatively on the DAVIS [21], MPI-Sintel [20] and SCARED [6] datasets to evaluate
its performance across divergent scene types namely, natural, synthetic and medical scenes, re-
spectively. Furthermore, we validated quantitatively the spatial accuracy of our depth maps on
the Kitti eigen split [59] and the temporal consistency via optical flow warping on both DAVIS and
MPI-Sintel.
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7.3 Related Works

7.3.1 Single Image Depth

In the literature, single-image depth estimation deep learning methods are classified into two cate-
gories namely, supervised and self-supervised. Supervised methods, attain the best performance
as these methods learn to directly regress the output depth values provided a large dataset with
corresponding ground truth depth maps are available [46, 53, 172, 239, 245]. Most innovation in
this area involves either improving the learning capability of feature extraction models or innova-
tive loss functions for conducting regression. However, their dependence on high quality, ground
truth depth during training, limits their generalisability and is subject to availability. Furthermore,
changes in the range of depth values of a scene requires re-training, making generalisability to dif-
ferent scenes arduous. For example, since the depth range in MIS (mm) is substantially different
from that in natural scenes (m), the adaptability of these depth estimation methods is hindered
and transfer learning will have limited effect [251].

Self-supervised techniques for depth prediction optimise photometric consistency, utilizing either
stereo images or monocular videos [57, 63, 64, 69, 92, 166, 167, 216, 265]. However, the photometric
loss can be minimised even when the geometry is inconsistent, particularly in regions with poor
texture. Moreover, such methods struggle to perform well for video frames that are temporally
distant due to significant scene appearance changes.

Both supervised and self-supervised methods, estimate depth independently, frame-by-frame. This
approach leads to inconsistent estimates over time with flicker artefacts in the resulting depth
maps. Moreover, since the epipolar constraint is not applicable in single-view prediction, these
methods result in lower accuracy compared to MVS [89, 118, 248] methods for stationary ar-
eas.

7.3.2 Multi-View Depth

Multi-view depth methods are classified into two categories namely, MVS and depth from video.
MVS involves estimating depth using multiple images taken from arbitrary viewpoints [85, 118, 247].
These methods employ traditional geometry-based principles such as cost aggregation and plane-
sweep volume generation which is constructed by warping frames to a reference viewpoint. How-
ever, they rely on the assumption of a static scene to apply epipolar geometry constraints during
training. Hence, dynamic scenes pose a challenge, resulting in inaccurate depth and camera tra-
jectories, and the exclusion of low-confidence pixels which results in depth maps with holes.

Depth from video essentially solves depth either from single frames [64, 69, 130, 160] or multiple
frames [16, 211, 234] in a video by enforcing multi-view constrains to solve the geometry for every
target frame. These methods however, face significant degradation when applied to fast-changing
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scenes with dynamic objects. Also, it becomes difficult to establish temporal relations between
frames in the presence of occlusions, motion blur, and poor texture.

7.3.3 Temporal Consistency

Temporal depth inconsistency occurs when the depth estimate for a given pixel is not stable across
frames; resulting in drifts that lead to incoherent outputs. A typical problem amongst all monocu-
lar depth estimation models. Numerous methods have been proposed to tackle this in RGB-space,
including end-to-end video frame synthesis [225), style transfer [26], or via post-processing [120].
Concurrent to our work, Various methods have been proposed to enforce consistency in the depth
space. These methods either achieve their goal implicitly [160, 223, 257] or explicitly [115, 124,
136, 2671). Implicit methods, focus on the design of models with recurrent neural networks to em-
bed temporal dynamics in their weights. However, these methods generate inconsistent results
if the distribution of the training data is different from the inference data, limiting their generalis-
ability. Furthermore, they necessitate on large datasets to account for different scenes, object and
occlusion types. Lastly, since the consistency is enforced implicitly during training, optimisation
becomes unpredictable and thereby limits reproducibility.

The fundamental concept behind explicit methods is to incorporate a temporal consistency loss
term which is based on geometric constraints and promotes similar depth values across temporal
correspondences derived from the input video, either during training or testing. Most methods build
on the formulation of [136] where a single-image depth estimation model is fine-tuned by the 3D re-
projection of pixels from one image to the other using optical flow. The re-projection photometric
error is reduced over the course of fine-tuning during test time, resulting in a flicker-free depth. The
method in [261] was built on this work and trained an additional model to predict scene-flow to
account for dynamic moving objects. Key limitations in both works is the requirement of precise
camera pose needed as input, which are typically difficult to attain with standard SfM as described
in Section 1. Inaccurate poses thus, results in a degrading effect on depth over time in a video.
[115] overcame this limitation, by jointly estimating camera pose and depth. However, they do not
account for dynamic moving objects like [261]. Additionally, these aforementioned methods train
the models via test-time refinement, requiring access to future frames. This limits their online
use in real-world applications and is computationally demanding as it requires several forward and
backward passes of a model to resolve temporal consistency.

Our method in contrast is a combination of both Implicit and Explicit techniques. It prioritises
achieving an accurate prediction with global geometric consistency which is explicitly enforced by
a geometric loss and learns temporal smoothness which is implicitly embedded in the model's fea-
tures. Both characteristics are crucial for video-based applications. Moreover, our approach differs
from previous ones in technical aspects. Instead of relying on test-time refinement we train a sep-
arate generative model that optimises the 3D deformable alignment of depth such that the depth
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maps are geometrically consistent. Once trained, this model can be deployed in the wild. Since
our method is self-supervised, test-time refinement can be optionally conducted. Furthermore,
our approach also optimises for camera poses and 3D scene-flow, enabling robust photometric
re-projection in challenging videos with high dynamic motion. Hence, our approach is capable of
producing dense depth maps even when the scene consists of dynamic motion naturally.
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7.4 Methods

7.4.1 Overview

The full pipeline of our method is illustrated in Fig. 7.1. The main steps are: (1) Given an input
sequence of frames I°, a depth map D is estimated from a pre-trained off-the-shelf single-image
depth estimation model, MiDASv2 [177] for each frame. (2) Simultaneously, an off-the-shelf Convo-
lutional Neural Network (CNN) pose estimation model estimates the camera pose [R, T'] (rotation
and translation) given a pair of adjacent frames. (3) Then, the Multi Layer Perceptron (MLP) model,
FlowMLP is used to predict the 3D scene flow at time ¢ + 1 taking as input (p!, 2P, ¢). Where p
is the " pixel in image frame I at time ¢, z is the *" depth value from the depth map D at time
t. Lastly, (4) the diffusion model TCENet refines the initial depth maps D and generates new
temporally and geometrically consistent depth maps D?.

During training, the camera pose model as well as, FlowMLP, and TCENet are jointly trained via the
photometric reprojection error, while the single-image depth model remains frozen. TCENet is ad-
ditionally trained with auxiliary denoising diffusion for learning video temporal dynamics. FlowMLP
is additionally trained with an induced optical flow auxiliary loss.

I

Off-the-shelf Camera |
Pose Estimation pose

I

I

model
Image

sequence [ warping
|| ' |
3D scene flow 3D scene flow |

representation maps for

learning intermediate frames |
model |

[ -———

1
1
: Temporal Consistency
1
1
1
1

Off-the-shelf Depth maps Consistent
Monocular Depth perimage ; Depth maps
model (Inconsistent) Enforcing model sequence

Conditioning RGB Sequence

Figure 7.1: Overview of the proposed methodology.

Since, video temporal dynamics and depth frame alignment is embedded in the TCENet's features,
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test-time refinement is not a necessity. Hence, once TCENet has been trained, the camera pose
and FlowMLP modules can be optionally discarded during inference. Our pipelines which can be
utilised in inference, with and without test-time-refinement are displayed in Fig. 7.1and 7.2, respec-
tively.

Image
sequence

~-C C

1
1
1
1 Temporal Consistency
1
1
1
1

1

: Off-the-shelf Depth maps Consistent
1 Monocular Depth perimage : Depth maps
: model (Inconsistent) Enforcing model sequence
1

Conditioning RGB Sequence

Figure 7.2: Pipeline used for inference without test-time-refinement.

Furthemore, consecutive video frames contain redundant information hence, processing of IV se-
quential frames, will force the model to learn only short term temporal dynamics. To ensure TCENet
is robust to scene motion of any range, it must learn from processing both nearby and distant
frames. Hence, during training we sample a video sequence as: [I;_(axs), Ji—(1xs), [t] Where s
(<8) randomly changes during training iterations. In our method, we process this triplet of frames
to train the TCENet. This is the minimum number of frames required to implicitly learn the temporal
dynamics via diffusion.

Our Method
Current Methods Rjud Ry
[ J [ J
wad
°
It—2 It—l It
It+N ¢ wad ¢ wad e
Figure 7.3: Video sampling strategy with reference to the current frame I; (highlighted in
green). R signifies the re-projection function and the subscripts fwd and bwd imply forward
and backward re-projection, respectively.
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7.4.2 Models
7.4.2.1 Depth, Pose & Optical Flow estimation

Given the triplet frame sequence [/;, I;, I;], we compute (1) Depth: for each frame a dense depth
map D is computed using the pre-trained monocular depth model (64¢,:1) proposed in [171]. (2)
Optical flow: for each frame pair (i) and (j, k), we compute dense forward optical flow i.e. F;_,;
and F;_,; and backward flow i.e. Fj.; and F;.; using the off-the-shelf pre-trained RAFT model
(6 110w) [212]. This is required to perform forward-backward consistency checks and to compute
binary occlusion masks Miﬂj, similar to [97]. These masks are created for all frame pairs in both
directions. They are used to remove pixels that have forward-backward consistency error greater
than 1 pixel. This allows to exclude pixel regions with inaccurate optical flow. The weights of both
Oaeptn and 6 11, models are not updated during the training process, they remain frozen. (3) Camera
pose: we compute relative 6 DoF (degree of freedom) camera pose for each adjacent frame pair
both forward i.e. P,_,; and P;_,, and backwards i.e. P;.; and P,._;. For this purpose, we train a
small CNN model (6,,.) [31, 68] that estimates [R, T', K], where R, T and K are the rotation matrix
parameterised as three Euler angles, the 3D translation vector and the camera intrinsic parameters,
respectively, relative to the first input frame. 6,5 is composed of 8 2D-convolution layers stacked
sequentially and a global pooling layer at the end for generating the final prediction. Regarding the
camera intrinsics (K) defined as:

0 w/2
K=|0 f n2 (7.1)
0 0 1

8,0se ONly predicts the focal length f* and f¥, along the two optical axes for an image with resolu-
tion A x w. We assume that the optical center is at the image center and disregard camera skew
and radial distortion. If the camera intrinsics K are known, they can be used rather than estimating
them through the camera pose model. This will reduce computational complexity and will expedite
the training process.

The optical flow and camera pose models are discarded in inference as they are only used for
training TCENet. The three aforementioned models are essential for warping depth bi-directionally
to enforce consistency both in the 3D space (using the camera pose) and in the image space (using
the optical flow). Our framework is agnostic to the specific architecture utilised for these models.
Hence, any arbitrary model of choice can be utilised.

7.4.2.2 FlowMLP: 3D Scene-Flow estimation

Scene-flow is vital for enforcing multi-view geometric constraints for accurate depth estimation of
dynamic scenes. State-of-the-art optical flow models like RAFT [212], are prone to errors due to
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Figure 7.4: The pipeline and the model architecture for FlowMLP and TCENet. (A) The
FlowMLP model process and the corresponding auxiliary losses for training it (L 0, and
Lyizer). (B) The TCENet diffusion process which operates on a sequence of conditioning
images and their noise infused depth maps, and the corresponding auxiliary diffusion loss

Ldiff-

factors including scene occlusions and scene illumination variations. Furthermore, the underlying
assumption of a constant field of motion does not hold in practise, especially in the presence of
dynamic motion.

Hence, inspired by [126, 261] we designed a MLP the so called, FlowMLP, to implicitly learn scene
flow representations for estimating precise 3D scene displacements between video frames. This
approach is more robust to the aforementioned issues which occur when estimating only 2D scene
displacements. The FlowMLP pipeline is displayed in Fig. 7.4A.

In our framework, a video is represented as a temporal sequence of volumes. More specifically,
as a collection of 3D data that evolves over time. Each data point consists of an (z, y) position
on a 2D image and a depth value (z), at time step (¢). As illustrated in the first component of
Fig. 7.4(A), every point (z, v, z, t) has its own unique 3D motion path (shown as pink dotted line),
which represents how the point moves within the 3D space along time. FlowMLP is a specialised
model that has been designed to accurately estimate the 3D displacement for any given scene
point.

To improve the representations learnt, we do not use the same architecture as [126, 261]. We
modify FlowMLP to improve its performance via continuous representation learning. Inspired
by [198] we use the sinusoidal representation network (SIREN) with periodic activation functions
as our FlowMLP model architecture. Traditional models that use discretised activation i.e. RelLU
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[126, 261], can lead to discontinuities in the learned function and thereby loss of information and
inaccurate data representations due to the piecewise-linear nature of the function. Our FlowMLP
uses periodic activation function (sinusoidal) which learns better implicit neural representations
because it allows for the smooth encoding of spatial and temporal information using a continuous
geometric function. Furthermore, it enables the network to represent a wide range of frequencies,
capturing both high and low-frequency features in the video data.

Our FlowMLP is thus, a SIREN architecture comprising of 3 hidden layers with 256 units each.
FlowMLP takes a 4D input (z, y, z, t) and generates a vector of the 3D displacement of the point
along the (z, vy, ) axis, showing how the point moves from frame ¢ to the next ¢ + 1. Prior to
parsing inputs through FlowMLP. positional encodings are created for them [148]. This involves
mapping the discrete input co-ordinates into a high dimensional space that enables FlowMLP to
approximate a high frequency continuous function. The training losses for optimising FlowMLP
are discussed in Sec. 7.4.3.2.

7.4.2.3 TCENet: Temporal Consistency Enforcement

In our method, the Temporal Consistency Enforcement Network (TCENet) has been designed to: (1)
align depth maps to be temporally consistent, (2) learn the temporal dynamics of a scene and (3)
enforce multi-view geometric constraints in the depth predictions. Training this model to enforce
temporal consistency overcomes the issue of requiring test-time-refinement. This has the following
advantages for our method: (1) not requiring greater computational resources to run in inference,
(2) not requiring future frames for optimisation and (3) can be deployed online,for depth estimation
of real-world scenes. To ensure that TCENet is generalisable to any scene type, it must learn feature
representations that capture the temporal dynamics of a scene. This is accomplished through
generative modeling, which seeks to represent the underlying feature distribution of a video.

Recently, diffusion probabilistic models have emerged as a potent class of generative models ca-
pable of generating high-quality images [42, 183] and videos [/9, 196] with a remarkable level of
detail. This is because they learn a series of conditional distributions that progressively transform
and reconstruct an input sample corrupted with Gaussian noise into a refined sample that matches
the original data distribution as shown in Fig. 7.5. They capture both short-term and long-term data
dependencies, including prediction uncertainty.

Our TCENet is therefore a diffusion model that learns temporal scene dynamics as a probabilistic
distribution which evolves over time. This makes it robust against unpredictable scene dynam-
ics. The standard architecture for many diffusion models in the literature is a U-Net [182] which
comprises of an encoder-decoder architecture with skip connections between the intermediate
layers. However, U-Nets are not designed for operating on videos, and discard temporal informa-
tion. Hence, we propose a 3D U-net variant capable of learning spatio-temporal features. The
full pipeline of TCENet is shown in Fig. 7.4(B) and the individual components of the network are
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Figure 7.5: The TCENet reverse denoising process.

illustrated in Fig. 7.6.

Firstly, we replace all 2D convolution layers of U-net with 3D convolution layers of filter size 1x3x3.
Secondly, to give TCENet greater learning capacity, inspired by [183], every layer in the 3D U-Net is
composed of a residual block, as illustrated in Fig. 7.6. We re-design this residual block to encode
spatio-temporal features via (1) using 3D convolution layers in place of 2D and (2) adding multi-head
spatial and temporal self-attention modules such that the model can focus on key aspects of the
feature maps via knowledge distillation, both spatially and temporally. Self-attention is computed
as in [220]. However, we reshape the input feature maps to ensure attention is learnt across the
required dimension. Consider an input feature map of dimension b x ¢ x n x h x w where b is
batch size, ¢ the number of channels, n the number of frames, k the frame height, and w the frame
width. For spatial self-attention, the feature map is reshaped to (b - n) x ¢ x h x w, where each
frame n in the sequence is processed separately as a spatial sample. For temporal self-attention,
the feature map is reshaped to (b - h - w) x n x ¢ where features along the n axis are processed
for calculating attention over the sequence. The spatial features along i and w axis are treated as
separate samples.

7.4.3 Loss Function

In our loss function estimation, we process a triplet frame sequence, [1;, I;, I}, where the loss is
computed for adjacent frame pairs i.e. (4, j) and (7, k), and then it is summed. For each pair, the
scene flow F*0; and F?2, is estimated using the FlowMLP and the depth maps [D}, D’ D, ] are

estimated with the TCENet.
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Figure 7.6: The key components of TCENet 3D-Unet architecture.

7.4.3.1 Geometric Loss

The geometric consistency loss, Ly, is based on the principle that the 3D point that corresponds
to pixel p; in frame I, when displaced by flow F3P; — 5, should be projected to the corresponding
pixel p; in the adjacent frame. As the re-projection of a pixel from one frame to another requires
consistent depth information, using the pixel re-projection error as a loss function enforces the es-
timated depth maps D’ to be geometrically consistent across the video. Hence, our geometric loss
is divided into two components namely, the photometric image-space loss L,. and the disparity
0SS Lgisp-

Consider a pixel p; in frame I; which can be projected to point 2¥ into the 3D co-ordinate system
of the ith camera as:

a? = R (D(pi) K~ 'p;) + t; (7.2)

i i
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where, p; is the 2D homogeneous pixel coordinates givenas [p?, p?, 1] 7. K, Randt are the camera
intrinsics matrix, rotation matrix and translation vector, respectively estimated by the 6,,,s. model.
The scene flow field F}*?; that defines the 3D displacement of this point towards the next adjacent

frame (I;) in the triplet can be computed via FlowMLP:

ED.(p) = FlowM LP(a?,17) (7.3)
This 3D point, ¥ can thus, be transformed onto the camera co-ordinate system of the next adjacent

frame I; as:
at =t + FP(p) (7.4)

7,4)] ’L—}]

The above 3D point is then reprojected on the image plane in frame I; as:

where, 7 signifies the projection operation defined as 7 ([, y, 2] ) = [£, £] . The objective of L,
is thereby to enforce the position of the reprojected pixels (pZ_U) and the corresponding ground
truth pixels in frame ; to be the same. Since the location of the reprojected pixels depends on the
depth maps D', this objective enforces the depth maps to be temporally consistent.

L;:j(pz‘) = ||p;—>j — Pissil 1 (7.6)

where, p;_; is the pixel correspondence in frame I; estimated using the 2D optical flow displace-
ment as p;; = p; + F_,;(p;). The 2D optical flow F}_, ; is estimated by the 6/4,,, model

i—j z

However, to be certain L,. is calculated only for valid pixels where the optical flow prediction
is accurate, we utilise the binary occlusion mask M;_,; to select valid pixels where the forward-
backward consistency error value is 0 (as discussed in Sec. 7.4.2.1). This ensures only those pix-
els with consistent flow estimates are considered for our loss. This is mathematically defined
as:

Li? =% jSpein, =0 L (i) (7.7)

The disparity loss Lg;, measures the consistency between the inverse depth at point x7, ; and
the inverse depth at the corresponding point in frame 5. This is defined mathematically as:

D, ;(pi) = |K;R] (af + F27.(p) — 1)
Ly (pi) = (D (i)™ = (D (pissy)) ]
Lyger = % jSpeints ;=0 Lz (1) (7.8)

Where z is the depth value of a 3D space-pointi.e. z = |[x,y, 2]|.. The full geometric loss is
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defined as follows:
Lgeo = ML + Ly + (L7 + L) (7.9)

disp disp

where, X is a weighting coefficient set as A = 0.1. The TCENet, FlowMLP and 6,,sc models are
trained jointly with Lye,.

7.4.3.2 Scene Flow Auxiliary Loss

For FlowMLP to estimate 3D scene-flow, videos are considered as a temporal sequence of volumes.
Each volume and the scene-flow field for each point in it ARE distinct. Hence, FlowMLP requires
training on each video sequence separately, which results in unique FlowMLP model weights for
each video. This can be a long arduous process if trained with L., alone. This is because L., es-
sentially enforces temporal consistency in the 3D space, which can be inherently ambiguous in the
presence of occlusions caused by object motion (analogous to 2D optical flow ambiguity). Naively
training FlowMLP initialised with random weights from ground up, produces inconsistent flow and
depth values which hinders optimisation. Hence, prior to training with L., we pre-train FlowMLP
separately with the two auxiliary losses namely, L,;,; and L f,,,. We call this pre-training, "warm-
up” phase which mitigates the aforementioned errors and ensures FlowMLP trains efficiently and
performs well post warm-up.

Firstly, L., 1S the same as the photometric loss Ly, in Eq. 7.6. The only exception is that the 3D
point ¥ created in Eq. 7.2 is not created using the depth D’ predicted from TCENet. Instead, we
use depth D estimated from the frozen 6,.,:, model to create it. Despite the depth D not being
temporally consistent nor trained, it is a sufficient prior to train FlowMLP. Then, the steps from
Eq. 7.3 to Eq. 7.6 are followed to calculate the photometric error Lo,z

To deal with occluded regions in the scene, we introduce L f;,,,. This loss regularises the scene flow
learnt from L,;,.;, by enforcing forward-backward scene flow consistency. Its aim is to encourage
the forward correspondence of the 3D points 7, ; and 2%, to be consistent with the backward

=]
correspondence of the 3D points ¥, . and «¥. This enforces forward and backward scene flow

1]

consistency, thereby minimising ambiguities caused by occlusion and motion boundaries around
moving objects. Similar to Eq. 7.7, the forward-backward flow consistency is calculated for regions
where the binary occlusion mask M consists of forward-backward consistency error value of 0.
Mathematically, this loss is defined as:

x?—)j = :Uf + Fz3—>Dg (pz)

_ P 3D D
=z, T F (x

; ] i—>j)

Lij

Lfiow = S Spep, =0 |78 — 22| i+ (7.10)

'p

||xi—>j - x§||1
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The full auxiliary loss to pre-train FlowMLP during the warm-up phase is therefore defined as:

Lflow = Lpi;rel + Lflow (7”>

aux

This loss aids in the initial stages of training FlowMLP to learn the 3D geometry of the scene cor-
rectly rather than relying on L., alone where initial estimates are noisy and inaccurate. Hence,
L/t is utilised during the warm-up phase and the initial 5 epochs when conducting training with

aux

Lyeo. When training with Ly, LI linearly decays to zero at which point Ly, is the dominant

aux

loss function used for training.

7.4.3.3 Diffusion Auxiliary Loss

To enable TCENet to produce consistent depth maps without the need for test-time refinement, it
is vital that it learns not only the geometric consistency (enforced by L,.,), but also the temporal
dynamics of the scene. This can be done by using diffusion to embed the 3D motion priors in the
model's weights.

Fig. 7.5 displays the diffusion process for TCENet. Mathematically, TCENet takes as input a se-
quence of depth maps D from 6,.,,:, and a conditioning signal which in our work is a sequence
of the corresponding RGB frames 1. It estimates a conditional distribution P(D’|I) over the se-
quence of depth maps. We define the diffusion auxiliary loss as the denoising diffusion function.
This is typically used for generative tasks and in our work we re-model it for depth estimation. First,
for a number n of diffusion steps, a Normally-distributed noise ¢ is iteratively added to D,,_; to
obtain D,,, as shown below:

¢(Dn| D) := N(Dy|\/Fu Dy 1, (1 = 7)) (712)

Thisis known as the forward process, which follows the Markovian chain. ~,, is the variance follow-
ing a linear schedule, where n € [1, ..., N], with NV being the total number of steps in the diffusion
chain. The backward process involves simply for the TCENet to learn to denoise iteratively, over n
steps. This is defined mathematically as:

P(D,,_,|Dy,,I) :=N(D,_,;TCENet(D,,n,I),02I) (7.13)
where, o2 denotes the transition variance which remains fixed. Hence, the diffusion focuses on
learning the means of the backward process iteratively, i.e., Dy — Dy 5 — ... — Dy, where D,
is the final set of depth maps. Hence, the diffusion auxiliary l0ss Lg;fy is simply the L2 distance

between the actual noise added and the predicted noise. It optimises a re-weighted variational
bound on the maximum likelihood objective, which is defined as:
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Laigf = ||Dp1 — TCENet(Dy,n, T)|| (7.14)

where, D,,_; is calculated from the forward process in Eq. 7.13, by performing the forward pass of
TCENet for n steps.

Additionally, in the early stages of training, we aim to improve the spatial quality of depth estimates
and prevent the diffusion loss from reproducing the inputs D and converging to a local minimum.
To achieve this, we calculate an L1loss between the generated depth maps D’ and the enhanced
depth maps obtained using the pre-trained (frozen) MergeNet model [147] @S O,er-ge. The MergeNet
model enhances monocular depth by merging high-frequency details from high-resolution depth
maps and consistent structure from low-resolution depth maps. Thus, leading to better depth
estimations. The L+, 10Ss is then defined as:

Ldepth = ||Dl - gmerge(D)Hl (715>

This loss stabilises the diffusion loss and ensures TCENet generates depth maps with both high-
frequency details (typically found in edges of distant objects) and low-frequency details (shape
and texture of objects near the camera). Furthermore, it ensures that the inputs aren't simply
regurgitated by the model. The full diffusion auxiliary loss is defined as:

LAPh — [yt t + BLaeptn (7.16)

aux

where, /3 is the weighting factor that has a linear decay from [1.0, 0.05]. Hence, TCENet during
training is trained on L + [ ., ensuring that the generated depth maps are spatially sharper,
temporally consistent and robust to dynamic changes in the scene. Over time, L, acts as a
regulariser and TCENet focuses on the optimisation of L., and Lg; . This improves depth esti-
mation by leveraging the video dynamics, which captures the temporal consistency across frames,

and by refining the probabilistic distribution of the depth values.

7.4.4 Implementation Details

The foundational training dataset employed in our work consists of 60 and 23 training video se-
quences from the DAVIS [21] and the MPI-Sintel [20] databases, respectively. These video se-
quences include natural scenes with significant dynamic motion and occlusion, captured by cam-
eras in uncontrolled environments. We employ the DAVIS and MPI-Sintel datasets to quantitatively
assess the temporal consistency of our model through optical flow backward warping and photo-
metric re-projection error, based on L,. (Eq. 7.7) (discussed further in Sec. 7.5).

Additionally, to gauge the spatial accuracy of the depth maps generated by TCENet, we train our
method from scratch on the Kitti raw eigen split [59] database for a fair comparison against other
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monocular depth technigues on the Kitti benchmark. Lastly, we also present qualitative results on
MIS data, namely the SCARED [6] database, to examine the domain adaptability of our approach in
substantially different settings.

Before fully training the proposed pipeline using the geometric 10ss L., (Eq. 7.9) we first pre-train
both the FlowMLP and TCENet models for stability in optimization. This is because beginning the
training from ground up leads to noisy and random estimates for both depth and secen-flow, which
hinders the optimization of L,.,. Firstly, we pre-train FlowMLP using the auxiliary loss L' on all
training video sequences, save the weights, and later reload them for each unique video sequence
during the temporal consistency training for fine-tuning. Secondly, we pre-train TCENet using the
auxiliary loss Lt on training sequences from YouTube-VOS [244] to prevent the diffusion from
merely generating noisy depth maps or duplicating the input. The pre-trained TCENet, along with
the pre-trained FlowMLP, are subsequently trained further using L., to ultimately establish tem-

poral and geometric consistency in depth maps throughout the video sequences.

All input images undergo a resize in width equal to 384 pixels, while maintaining the original as-
pect ratio of the video, adhering to the standard pre-processing method akin to that in [136]. During
the pre-training of both FlowMLP and TCENet, we employ the Adam optimizer with a weight de-
cay of 0.05 (cosine strategy), 40 warm-up epochs, and momentum parameters 3; and 3, set to
0.9 and 0.95, respectively. The learning rates for FlowMLP and TCENet pre-training are 0.0015
and 0.000015, respectively. For temporal consistency fine-tuning with L,.,, the same optimizer
configuration is applied to FlowMLP, TCENet, and 6,

All experiments were carried out on a single computing instance with 8 Nvidia A100 GPUs. FlowMLP
underwent pre-training for 20 epochs per video sequence, taking around 30-40 minutes. Hence,
full training time across all video sequence was 2 days. TCENet was pre-trained for a total of 30
epochs on all YouTube-VOS sequences, requiring approximately 3 days. The fine-tuning process
using Ly, spanned 30 epochs on all DAVIS and MPI-Sintel video sequences and reached conver-
gence in 3 days. In every experiment, TCENet utilised triplet frame inputs, but can accommodate
and learn from varying frame quantities. TCENet post-training (during inference), performs at 18
fps on a single Nvidia A100 GPU.
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7.5 Results & Discussion

In this section, we present both quantitative and qualitative comparison of our approach with SOTA
methods for video consistency in depth estimation. We also compare the spatial accuracy of our
generated depth maps with other video based monocular depth estimation methods to validate
the improvement in both geometric and temporal depth estimation. Finally, we compute temporal
consistency metrics using image reconstruction error based on L, (Eq. 7.7) on DAVIS and MPI-
Sintel datasets. However, the proposed L, calculates L1 error between the generated pixels and
the ground truth, which holds limited semantic significance as it merely compares pixel intensi-
ties and is thus inadequate for capturing intricate structures within an image. Consequently, we
supplement L1 error reporting by adapting L,. to compute structural similarity index (SSIM) [237],
peak signal-to-noise ratio (PSNR) [82], and Inception Score (IS) [184] to compare higher seman-
tic details akin to perceptual similarity metrics. Hence, the temporal consistency metric Mg;c is
defined as:

MEC = metric(I;_,;, I;;) (7.17)
where metric is the respective L1, SSIM, PSNR and IS function. I" is the reconstructed output
from TCENet and I is the ground truth image frame. The pixel correspondences in frame j are
estimated using forward warping with the optical flow estimated from 6 ,,,. All metrics are com-
puted between frame pairs ¢ warped to 7, sequentially on all frames of a video sequence.

7.5.1 Qualitative Evaluation

We show qualitative comparison with other SOTA methods on DAVIS and MPI-Sintel in Fig. 7.7
and on MIS data on SCARED in Fig. 7.9. Furthermore, we investigate how the spatial details in
the output depth maps generated by TCENet is affected when different 6.,,,, models are used,
specifically the default MiDASV2 [171] and LeRes [250] as shown in Fig. 7.8. For all the showcased
results, TCENet did not undergo test-time training. Therefore, the displayed outcomes are standard
outputs inferred from TCENet using the pipeline illustrated in Fig. 7.2. All video samples in Fig. 7.7
comprise of dynamic moving objects, moving camera. Sample B specifically consists of motion
blur as well, making it a challenging sequence for consistency evaluation.

Spatial Quality Evaluation: As shown in Fig.7.7, TCENet produces considerably more precise and
sharper depth maps around delicate edges and objects in all video samples. For example, in sam-
ple A, the latch on the horse and the hurdle fence being jumped over by the horse are depicted with
greater accuracy. Particularly for the hurdle fence, TCENet generates accurate depth information
for the gaps within the fence structure, while other models either create blobs for the entire struc-
ture or, in the case of G4, fail to resolve the depth in that region. A similar observation can be
made in sample B, where TCENet renders sharp details on the grass, shrubs, and trees despite the
presence of motion blur, while other competing techniques produce blurred and smoothed depth
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A) High dynamic motion and small camera movement B) High dynamic motion, large camera movement and motion blur
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Figure 7.7: Qualitative results comparison on consecutive DAVIS (A, B) and MPI-Sintel (C,
D) test frames, emphasizing dynamic motion, occlusions, and camera movement. In each
sample, comparisons are displayed with (1) TCE-Net, (2) single-image depth estimation fgeptn,
which is MiDASv2 [171], (3) [261] and (4) [136]. Note, TCE-Net is deployed without test-time
training (frozen), using the pipeline from Fig. 7.2. Whereas [261] and [136] undergo test-time
training.

maps. We attribute the enhancement in the spatially consistent of the depth maps and the high-
resolution depth estimates for intricate edges and objects to the pre-training of TCENet with the
auxiliary loss L2t and more specifically, with the L, component in Eq.7.15. This part of the
loss function trains TCENet to estimate depth for both close range and distant objects across mul-
tiple scales. In conjunction with the diffusion loss component Ly, s, TCENet enhances the input
depth maps through iterative refinement, achieving high spatial accuracy. Moreover, modifying the
input depth maps by utilising an improved 64,1, further elevates the spatial fidelity of the resulting
outputs. As demonstrated in the last row of Fig. 7.8, depth maps derived from Ogepir, = LeRes

provide a more detailed and sharper depth estimation for distant objects. This can be seen specif-
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Figure 7.8: Displaying the difference in quality of depth maps produced by TCE Net pre-trained
with different 6 4,:, models. Where A — E columns are different samples from the DAVIS and
MPI-Sintel test data. first row is outputs of 64, as MiDASV2 [171] and second row is, LeRes
[250].

< |

ically in samples A and C' where details of the scene from the car windshield and the poles /
infrastructure holding the tent, respectively are clearly visible.

Temporal Consistency Evaluation: Across all video samples featured in Fig. 7.7, it can be ob-
served that for each sequence, TCENet consistently generates depth maps with values within the
same range throughout the sequence. In contrast, other methods exhibit flicker artifacts, where
the colour map of the depth estimates experiences significant shade variations despite being part
of the same sequence. For example, for sample C and the CVD method [136] (last row), frames
1-2 display the depth of the background bamboo sticks as purple (distant from the camera) but
abruptly changes to yellow in frame 3 (closer to the camera), even though some bamhoo sticks
remain far away. Moreover, when faced with occlusions in samples C' and D, TCENet delivers
sharper and more temporally consistent depth maps compared to other techniques. For instance,
insample C, even though the foreground bamboo sticks obstruct the view of the girl running behind
them, TCENet accurately determines the depth for both the girl and the bamboo sticks throughout
all frames. In contrast, other models struggle to detect the scene-flow motion of the girl hidden
behind the occlusions. As aresult, [136] fails to generate on the depth map the girl figure across the
frames. Particularly in frame 3, where it creates a hole for her. The model in [261] incorrectly esti-
mates the depth for the occlusions (bamboo sticks) in the foreground in front of the girl, leading to
flicker. In frame 2, 04,1, Misses the girl completely in its generated depth map. In sample D, both
the camera (panning to the right) and the object (girl running to the right) are in motion, while being
obscured by the person standing in front of the camera. TCE Net accurately tracks the motion of the
running girl and the camera, having learned the deep embeddings of the 3D scene flow through the
FlowMLP warping. Consequently, it generates consistent depth maps for the running girl despite
the occlusions and moving camera. However, other methods exhibit missing components in their
depth maps. For example, [261] lacks the girl's upper body in frame 2, and [136] produces a blob,
and completely omits the girl in frame 3. We believe TCENet's superior performance is attributed
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Figure 7.9: Qualitative results comparison on consecutive SCARED (A & B) test frames. In
each sample, comparisons are displayed with (1) TCE-Net, (2) [267] and (4) [136]. Note, TCE-
Net is deployed without test-time training (frozen), using the pipeline from Fig. 7.2. Whereas
[267] and [136] undergo test-time training.

to the final L., loss which enforces depth to be consistent across the input video sequence based
on the forward-backward consistency constraints. Furthermore, the improved FlowMLP’s embed-
dings and scene-flow warping, significantly improves TCENet's understanding of both depth, 3D
scene motion and camera pose throughout the video sequence.

In Figure 7.9, we assess the temporal consistency of the models in the MIS domain, despite not
training on such data. As can be seen in sample B, [267] yields inconsistent depth estimates be-
tween frames 1and 2, with the primary anatomical structure displaying an irregular color map. Al-
though [136] generates consistent depth, it sacrifices spatial detail, resulting in blurred depth maps
and smoothed structures. In contrast, TCENet creates consistent depth maps across both sam-
ples despite not being trained on the SCARED database. The spatial performance of TCENet can
be further enhanced by training on SCARED or through test-time training during inference.
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7.5.2 Quantitative Evaluation

In addition to the qualitative assessment, Tables 7.1 and 7.2 present the quantitative evaluation of
the temporal consistency of the compared depth estimation methods based on the M. metrics,
for the DAVIS and MPI-Sintel test video sequences, respectively. It is evident in both instances that
TCENet significantly outperforms the other methods across both datasets. This improvement can
be attributed to the unambiguous flow generated by FlowMLP, which is employed for image warp-
ing in Eq. 7.3. The superior performance of FlowMLP can be attributed to its ability to learn the
scene-flow as a probabilistic distribution throughout the entire sequence during volumetric train-
ing. This offers a more effective image warping signal compared to the use of 2D optical flow maps
from 610,, as implemented in [115, 136]. Moreover, TCENet not only learns geometric constraints
through image warping, but also gains an understanding of the temporal dynamics of a scene via
diffusion, making it resilient to dynamic scene changes. These combined factors significantly en-
hance the optimisation of L., ensuring that TCENet acquires the necessary feature embeddings
to detect object and camera movements in a scene and adjust depth accordingly. This observation
is further supported by Table 7.2. Moreover, the frame sampling strategy during training (illustrated
in Fig. 7.3) which randomly selects close and distant frames, compels TCENet to understand long-
term and short-term scene-flow patterns, ultimately strengthening its ability to predict consistent
depth outputs, despite not having access to future video frames. Hence, every aspect of the loss
function designed and the model components selected, is crucial for maximising temporal and
spatial fidelity of the generated depth maps.

Table 7.1: Image reconstruction quality assessment on DAVIS using M. Red header
columns favor lower values, green headers prefer higher. Bold indicates the best model. Meth-
ods marked with 1 utilize LeRes for 6 4e,:,, While others use default MiDASv2.

Method LT PSNR SSIM IS

[136] 019 023 074 8.21

[261] 012 024 081 9.54
TCENet 0.11 0.31 0.87 11.13
TCENet{ 0.09 0.39 0.93 14.24

Table. 7.3 shows the spatial depth evaluation on Kitti. This benchmark uses metrics from [58],
allowing comparisons to prior methods. The evaluated metrics comprise Root Mean Square Er-
ror (RMSE), Absolute Relative Error (Abs Rel), Square Relative Error (Sq Rel), Root Mean Squared
Logarithmic Error (RMSE Log), and accuracy (%).

In Table. 7.3, it can be observed, even though TCENet solely processes prior frames relative to the
current one, it attains superior performance in many metrics, compared to methods that incorpo-
rate future frames. As shown in Fig. 7.7, TCENet produces depth maps with considerably enhanced
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Method LT PSNR SSIM

[136] 029 031 071 791

[267] 024 040 077 834
TCENet 0.13 0.49 0.83 12.43
TCENeti 0.10 0.52 0.88 16.39

Table 7.2: Image reconstruction quality evaluation on MPI-Sintel via MZTGC. Red header
columns favor lower values, green headers prefer higher. The best result is highlighted in
bold. Methods marked with 1 utilize LeRes for 04ep:n, While others use default MiDASv2.

Table 7.3: Spatial performance assessment on Kitti Raw Dataset (depth capped to 80m) using
[57] crop. Red header columns prefer lower values, green headers higher. Bold indicates the
best model. In the 27¢ column, the time step is relative to current frame at time step 0 hence,
—ve and +we values signify preceding and future frames respectively.

H Method No. of Input Frames (time step) ' Abs Rel SgqRel RMSE RMSElog 6 < 1.25 6 < 1.252 § < 1.25° H

Ours (TCE Net) 3(-2,-1,0) 0.092 00913 4.442 0.170 0.909 0.968 0.980
DeepV2D [211] 5 (random sampling) 0.118 0.908 40978 0.210 0.855 0.948 0.976
ManyDepth [234] 2(-1,0) 0.098 0770 4.459 0.176 0.900 0.965 0.983
GLNet [31] 3(-1,0,+71) 0.099 0.796 4.743 0.186 0.884 0.955 0.979
Struct2Depth [22] 3(-1,0,+1) 0.109 0.825 4.750 0.187 0.874 0.958 0.983
CVD [136] 1(0) 0130 2.086 4.876 0.205 0.878 0.946 0.970
Wang et. al [227] 2(-1,0) 0.106  0.799 4.662 0.187 0.889 0.961 0.982

detail and high spatial accuracy. This is reflected quantitatively in the improved performance on
the Kitti dataset. The above performance evaluation has verified that our method surpasses SOTA
methods in achieving both higher spatial accuracy and temporal consistency, thanks to the inno-

vative loss function and the comprehensive pipeline that optimises TCENet.
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7.6 Conclusions

In this paper, we introduced a self-supervised learning algorithm designed to maintain geomet-
ric and temporal consistency in depth estimation, leading to enhanced 3D SfM approaches. Our
approach jointly optimizes the learning of scene temporal dynamics through diffusion, incorporat-
ing camera pose and 3D scene-flow. This allows our method to overcome challenges posed by
dynamic scene changes and occlusions. We pioneered the use of video diffusion for implicit tem-
poral scene dynamic learning, producing temporally consistent depth maps. To maintain geometric
consistency, we integrated a loss function enforcing multi-view geometric constraints with the im-
plicit learning approach. We developed the innovative Temporal Consistency Enforcement Network
(TCENet), a 3D-Unet-based depth refinement model with a spatio-temporal attention mechanism.
Additionally, we devised a diffusion loss function to train TCENet, allowing it to create depth maps
with various geometric details. Finally, we introduced a method for dense 3D scene flow estima-
tion using a temporal sequence of volumes and trained a MLP, FlowMLP, to predict scene flow over
time. Each of these components were meticulously designed to collaborate in achieving consistent
depth maps even amidst dynamic motion and occlusions.

Our method does not necessitate pre-processing (i.e. use of COLMAP for obtaining accurate cam-
era pose), known camera parameters, or processing of future frames in a video sequence. This
renders our method suitable for online real-world applications. It sets a new benchmark in both
temporal consistency and spatial accuracy for depth map estimation. This research holds the
potential to significantly influence various applications dependent on precise 3D SfM, ultimately
augmenting their performance and capabilities.

Current limitations of this work include the lengthy training time, which demands significant com-
putational resources, and specific image resolution at which it functions. As demonstrated by other
studies [147, 163], training depth estimation models at higher image resolutions leads to improved
results. Consequently, our future endeavors will focus on efficiently scaling our pipeline to accom-
modate higher resolutions, enhancing the diffusion pipeline to decrease computational complexity,
and evaluating their effects on temporal consistency.

7.6.1 Learnings & Future Work

This chapter illustrates how achieving temporal consistency in depth can be accomplished by
merging multi-view geometric constraints with generative modelling for video representation learn-
ing. Where a supplementary model, such as TCE Net, can be trained in collaboration to grasp the
temporal dynamics of a video while conforming to the video's 3D geometry. Furthermore, | empha-
sised that the crucial element for enhancing temporal consistency resides in accurate estimation
of scene-flow, which plays a vital role in re-projecting depth from one reference frame to another.
By accurately modeling scene-flow, ambiguities in re-projection are reduced, resulting in a more
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powerful learning signal for achieving consistent depth. Therefore, the primary factors to enhance
in the future involve refining scene-flow estimation and improving the generative model (in this in-
stance, diffusion) as the foundation for obtaining stable temporal representations. Additionally, |
also recommend adding further constraints by incorporating stereo frames and using the model
from Chapter 6. Further details are shown below:

1. Combine this process with the stereo model proposed in Chapter 6: The current method
was designed based on a monocular depth estimation model to simplify experimentation. This
foundational approach can now be expanded to accommodate more complex video inputs,
such as stereo, where dual multi-view constraints can be employed to achieve both tempo-
ral consistency (warping over time) and stereo consistency (warping between corresponding
stereo frames). As a result, the model from Chapter 6 can replace the baseline model 6yepin,
and the TCE Net encoder architecture can be updated to accommodate stereo inputs. By doing
s0, the method can be extended to stereo models, enhancing consistency across various depth
estimation models of preference.

2. Improving scene-flow representations: In our method, the scene-flow estimation model,
FlowMLP is inspired by NeRF [126]. This concept allows us to calculate dense 3D scene-flow
fields by treating videos as volumetric inputs. However, a significant limitation is that it de-
mands numerous video frames to be processed simultaneously (not in batches) to compre-
hend the entire volumetric structure. This constraint necessitates on substantial computa-
tional resources for training and may pose scaling challenges for longer videos. A possible
improvement, similar to [209], would involve training FlowMLP in batches of video frames (i.e.,
volumes) and then combining the scene-flow representations from these volume batches into
a single, coherent volume. This distributed computation will make scaling efficient to long
videos and by enforcing forward-backward consistency checks between the volume batches
will also improve scene-flow estimation.

3. Improve temporal generative modelling: The generative modelling method used in this
work was diffusion for training TCE Net. This powerful approach enabled TCE Net to learn video
temporal dynamics and generalise depth temporal consistency to any video without needing
test-time training. However this approach of learning temporal dynamics distribution can be
further improved by utilising the latest innovations from generative modelling literature. Such
as conducting the denoisining reconstruction process in the latent space [180] or by upgrading
the architecture to have scene-flow embeddings as input (as opposed to using them simply to
compute the loss) [48].
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Chapter 8

Deployment of Deep Learning Models on
HoloLens

This chapter introduces a Machine Learning Operations (MLOps) pipeline for deploy-
ing deep learning models on the cloud, for use with Mixed Reality (MR) headsets like
HoloLens. The challenge of deploying Deep Learning (DL) models post-training is often
overlooked in research, despite the fact that GPU-dependent models risk remaining lim-
ited to research settings due to the absence of such hardware in mobile devices. While
previous chapters addressed the four primary barriers to clinical adoption of MR through
innovative DL solutions, this chapter demonstrates the use of cloud computing as a
potent approach for deploying DL models on mobile devices via scalable, on-demand
resources. This chapter aims to bridge the gap between development and real-world
deployment of these models. Offloading these complex calculations to the cloud allows
mobile devices to utilise DL models without hardware limitations and enables continu-
ous maintenance with access to updated models, bypassing hardware alterations.

In this work, | harness the power of cloud computing to develop a software architec-
ture capable of deploying DL models for use on any mobile device, including MR. To
accommodate the variability of real-world data, | introduce a data version control sys-
tem that logs newly collected data and indexes it for future model training. Moreover,
I employ model version control to track alterations in deployed models, such as varia-
tions in weights or model architectures over time. Finally, to guarantee that the work
presented is reproducible and deployable on any cloud Virtual Machine (VM), | encap-
sulate all software within a Docker image, which serves as a virtual Operating System
(0S). This Docker image can be easily downloaded on any VM, allowing the proposed
software to operate seamlessly, much like a cloud-based app. This MLOps architecture
establishes a solid foundation for deploying any models discussed in this thesis or be-
yond, facilitating their use on mobile devices in both clinical and non-clinical settings
and ultimately driving their clinical adoption.

The work in this Chapter was carried out in collaboration with Mr. David Shapira, who assisted in
the HoloLens 2 software development.
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8.1 Overview

This chapter presents a Machine Learning Operations (MLOps) pipeline that leverages cloud com-
puting to deploy deep learning models on Mixed Reality (MR) headsets. The proposed software
architecture addresses the challenge of model deployment after training and development, over-
coming the limitations of mobile devices' hardware capacity. The solution incorporates data ver-
sion control and model version control to accommodate real-world scenarios and track changes
in both data and model. The architecture is reproducible and deployable on any cloud Virtual Ma-
chine (VM) using a Docker image. For the purpose of this thesis the architecture was deployed
on Microsoft Azure cloud and was tested on the HoloLens 2 MR headset. The pipeline operates
with the user first launching a HoloLens app of choice where the cameras mounted on the device
capture all actions. This video is streamed to the cloud VM where the deployed model processes
it, and performs inference on it. The outputs are then streamed back onto the HoloLens for the
user to visualise. The current focus was on testing the functionality of the MLOps pipeline through
visualization. In the future, the outputs would be used to perform background analysis for enhanc-
ing the user's visual understanding of the scene, as opposed to simple direct visualisation. The
aim of this study is to introduce a working MLOps architecture that takes developed models and
deploys them in the real-world. This can enable testing the clinical impact of such models in the
future. This MLOps approach, lays the groundwork for such future model deployment and visual
scene understanding on mobile devices in various settings and fosters the clinical adoption of deep
learning advancements on MR headsets.

Video result HoloLens test (My room): 32 seconds video
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8.2 Introduction

In recent years, the rapid development of Deep Learning (DL) models has led to significant ad-
vancements across various domains, from computer vision and natural language processing to
healthcare and finance. These models have achieved remarkable results, demonstrating their po-
tential to revolutionise multiple industries. However, despite their impressive performance, the
deployment and maintenance of DL models in real-world scenarios remain challenging [176, 190].
MLOps [116] has emerged as a critical discipline that addresses these challenges by streamlining
the process of deploying, managing, and maintaining machine learning models throughout their
lifecycle. MLOps is a set of practices that combines machine learning, data engineering, and Soft-
ware Development and Operations (DevOps) principles to enable efficient and reliable production
and deployment of machine learning models. By automating and orchestrating the end-to-end
machine learning pipeline, MLOps helps ensuring that Machine Learning (ML) / DL models are
consistently updated, maintained, and monitored, thereby driving more value from them and the
monetary investments in creating them.

Despite its importance, MLOps is often overlooked, as the emphasis in research, tends to be on
improving model performance rather than on effective deployment and operationalisation. This
oversight can lead to difficulties in transitioning from research to real-world applications, hindering
the realisation of Artificial Intelligence (Al) 's full potential. Inthis chapter, | describe the significance
of MLOps in the deployment and maintenance of deep learning models, highlighting the key com-
ponents that need to be taken into consideration to ensure their successful implementation. These
components include data management, model hosting, deployment, monitoring, and communica-
tion among cross-functional devices (i.e. MR headset and cloud compute VM). | also delve into the
challenges and limitations of the current MLOps landscape, such as scalability, reproducibility, and
the complexities of integrating with existing infrastructure and workflows.

In addition, | propose a MLOps architecture specifically designed for this research, which was eval-
uated using the Microsoft HoloLens 2 by deploying two models simultaneously namely, (1) the
TCENet, a temporally consistent monocular depth estimation model from Chapter 7, and (2) the
optical flow estimation model, RAFT [212]. These two models were chosen because they provide
dense outputs with information for every pixel of the input image, and their high computational
complexity makes them an ideal test bed for the proposed MLOps architecture. The proposed
MLOps architecture includes data version control and model version control systems to effectively
handle real-world applications and keep track of modifications in both data and models. By im-
plementing these version control mechanisms, the architecture allows for seamless adaptation to
evolving circumstances while maintaining a clear history of changes. To ensure reproducibility and
ease of deployment across various cloud VMs, the architecture utilises a Docker image, which en-
capsulates all the necessary software components including the third-party libraries needed to run
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the code. This approach enables the MLOps solution to be quickly deployed on any cloud VM while
maintaining consistency across different environments, significantly simplifying the deployment
process.

By comprehensively exploring the MLOps landscape, this chapter aims to raise awareness of its
importance and promote its adoption across the research world seeking to harness the full poten-
tial of DL models. Research must cater for real world use of such innovative algorithms and thus
this work facilitates the delivery of such models to the real world. Additionally, | outline a roadmap
for future research and development in MLOps to advance the field further. Through this analysis, |
aspire to bridge the gap between the development of cutting-edge deep learning models and their
successful deployment and maintenance in real-world applications, ultimately driving more value
from Al'and Computer Vision (CV) applied in surgery.

8.2.1 Contributions

The main contributions of this chapter are outlined below:

1. To the best of my knowledge, | introduce the first MLOps pipeline enabling seamless integra-
tion of multiple DL models in mobile devices like MR, thus expanding their potential use cases
and applicability in various fields.

2. Established a reproducible and scalable MLOps pipeline, with version control for both
the data and model. Thereby, accommodating for changes occuring in the real world sce-
nario.

3. Designed a cloud-based approach to overcome hardware limitations in MR headsets, mak-
ing complex DL models accessible on these devices without compromising performance, and
enhancing user experience.

4. |aid the groundwork for future research and development in MLOps for MR, opening up
new possibilities for innovation in this field and encouraging further exploration of its potential
clinical impact.
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8.3 Background

8.3.1 MLOps Overview

MLOps is an interdisciplinary field that combines the principles of DevOps, data engineering, and
ML. It aims to standardise, automate, and streamline the process of deploying, monitoring, and
maintaining ML models in production environments. The need for an MLOps framework arose from

the increasing complexity of ML systems and the challenges they presented in deployment and
maintenance. Specifically with the advent of DL, models became more sophisticated, and larger in
size (large number of parameters) thereby exponentially increasing their computational complexity.
The latest models in the literature (at the time of this thesis) scale up to 1 trillion neurons [49];
surpassing the computational complexity of the human brain by a factor of 11. Hence, industry
organisations began to realize that the deployment and management of ML models presented
unique challenges compared to traditional software development.

The work in[190] highlighted these challenges, emphasizing the importance of considering the hid-
den technical debt that could accumulate in ML systems if these issues were not addressed. This
paper laid the groundwork for the development of MLOps as a distinct discipline dedicated to ad-
dressing these issues. The key practices that govern MLOps development are the following:

1. Model Versioning and Management: Establishing version control mechanisms for ML mod-
els, enabling seamless tracking, comparison, and rollback of different model versions through-
out their life cycle. The same can be done for data to track exactly which samples model
performance is good and bad such that, in the future models can be re-trained on bad sam-
ples to avoid such out-of-distribution mistakes.

2. Model Deployment: Streamlining the deployment of ML models into production systems, us-
ing containerization, Application Programming Interface (API)s, or server-less architectures
to expose model predictions and facilitate integration with other applications.

3. Continuous Integration and Deployment (CI/CD): Implementing CI/CD pipelines to automate
the integration of new code, data, and models into production systems while ensuring sys-
tem stability and performance. Particularly achieved with containserization of code for mod-
ularity.

4. Monitoring and Maintenance: Continuously monitoring deployed ML models for performance
drifts, data anomalies, and resource utilization, and implementing processes for model re-
training and redeployment when needed.

5. Security and Governance: Ensuring that sensitive data is properly managed, stored, and pro-
cessed throughout the ML life cycle, complying with data protection regulations such as Gen-
eral Data Protection Regulation (GDPR), Health Insurance Portability and Accountability Act
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(HIPAA), etc. This includes implementing access controls, encryption, and data anonymiza-
tion techniques to safeguard sensitive information.

In this chapter we propose a MLOps architecture that address points 1-4. Point 5 was not neces-
sary to consider as no sensitive data was processed during the development of this framework.
However, this should be addressed in the future.

8.3.2 Benefits of adopting MLOps

As ML and Al continue to make impressive progress across diverse industries, the demand for a
systematic and efficient method to manage the life cycle of a ML model grows increasingly impor-

tant. Implementing MLOps practices when developing ML models offers several advantages. The
following are the most significant ones:

+ Improved collaboration: MLOps encourages collaboration between data scientists, ML engi-
neers, and IT operations teams, fostering cross-functional communication and reducing the
time it takes to bring models to production.

« Faster deployment: By streamlining the development process and automating repetitive
tasks, MLOps enables organizations to deploy ML models more quickly and efficiently.

+ Enhanced reproducibility: MLOps promotes the use of version control for both code and
data, ensuring that models can be easily reproduced, shared, and reviewed by different team
members.

« Greater scalability: MLOps provides a structured framework for scaling ML models across
various environments and infrastructures, allowing organizations to grow their ML capabili-
ties with ease.

+ Better model monitoring and maintenance: With MLOps, organizations can monitor the per-
formance of their ML models in real-time, identifying and addressing issues before they be-
come critical.

« Continuous improvement: MLOps supports continuous integration and continuous delivery
(CI/CD) practices, enabling organizations to iteratively improve their models and incorporate
new data, features, and techniques as they become available.

+ Better compliance and governance: MLOps provides a framework for managing data privacy,
security, and regulatory compliance, making it easier for organizations to meet industry-
specific requirements and maintain transparency in their ML operations.

8.3.3 Limitations of MLOps

While MLOps has the potential to significantly improve the deployment, management, and main-
tenance of machine learning models, there are several current limitations that organizations face
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when implementing MLOps practices:

+ Scalability: Managing and deploying machine learning models at scale can be challenging,
especially when dealing with large-scale data processing, model training, and real-time infer-
ence. As the number of models and their complexity increases, organizations may struggle
to scale their MLOps processes effectively.

+ Reproducibility: Ensuring the reproducibility of model training and deployment processes
is essential for consistent results and trustworthy Al systems. However, factors like varying
dependencies, software environments, and hardware configurations can introduce inconsis-
tencies that are difficult to track and control.

- Integration with existing workflows: Integrating MLOps practices into existing software de-
velopment and data engineering workflows can be challenging. Organizations may encounter
difficulties in adapting their current processes to accommodate the unique requirements of
machine learning models, such as versioning of data, models, and code, as well as the need
for continuous monitoring and retraining.

+ Model monitoring and drift detection: Monitoring the performance of deployed models and
detecting data drift is crucial to ensure that models remain accurate and relevant. However,
setting up effective monitoring systems and maintaining them can be complex and time-
consuming.

- Security and compliance: Ensuring the security and compliance of machine learning mod-
els and data pipelines is crucial, especially in industries with strict requlatory requirements.
Implementing robust data privacy, access control, and model auditing mechanisms can be
challenging within MLOps workflows.

- Tooling and infrastructure: While several tools and platforms exist for different aspects of
the MLOps life cycle, there is a lack of comprehensive, end-to-end solutions that can seam-
lessly integrate all MLOps components. Additionally, organizations may face challenges in
selecting the right tools and infrastructure for their specific needs and adapting them to their
existing technology stack.

Despite the numerous benefits of MLOps, its implementation can be challenging due to the com-
plexity of the pipeline. Hence, the limitations are also reflections of the benefits it offers. It re-
quires expertise in multiple areas, including data engineering, software development, and machine
learning. Additionally, MLOps requires the integration of various tools and frameworks, such as
data version control, model version control, Docker, and cloud computing, which can be daunting
for non-experts. Furthermore, the deployment and maintenance of machine learning models in
production environments require a deep understanding of the underlying hardware and software
architecture. Given these challenges, | present a solution that combines all these expertise into one
solution to successfully implement an end-to-end machine learning deployment pipeline.
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8.3.4 Tools & Frameworks

There are various tools and frameworks available that support the implementation of the MLOps
best practices mentioned above, helping practitioners manage the end-to-end ML life cycle more
effectively. Some notable tools and frameworks include:

+ MLflow [254]: MLflow is an open-source platform that provides tools for managing the com-
plete ML lifecycle, including experiment tracking, project packaging, and model deployment.
It is primarily used as model version control.

- TensorFlow Extended (TFX) [14]: TFX is an end-to-end platform developed by Google for
deploying ML pipelines. It includes components for data validation, pre-processing, model
training, evaluation, and deployment, as well as support for continuous integration and de-
ployment. Itis a general-purpose library that handles all of ML development and deployment.
However, it is mostly used for deployment due to its limited support on the development
side of the library. Furthermore it is limited to models trained via Tensorflow (hence, models
trained on PyTorch cannot be used in this library).

« Kubeflow [157]: Kubeflow is an open-source project dedicated to making deployments of
ML workflows on Kubernetes simple, portable, and scalable. Where, Kubernetes is an open-
source platform for automating the management of applications on distributed computing.
It streamlines the process by distributing traffic, auto-scaling resources, enabling rolling up-
dates and rollbacks. This library works well for MLOps on large GPU clusters distributed
across multiple devices and is typically used when scaling production on multiple devices.
However, it's use on a single device deployment is unnecessary and adds complexity.

- DvC (Data Version Control) [117]: DvC is an open-source version control system for managing
and logging data in ML projects. It provides tools for data versioning, pipeline management,
and experiment tracking and aids in ensuring reproducibility across models.

- Weights & Biases [15]: Weights & Biases is a platform that offers experiment tracking, plot-
ting, and evaluation tools. It helps tracking DL models training process and evaluation to
streamline tracking of experiments and performance in a centralised dashboard. It is typ-
ically used in pre-deployment phase of an ML project. An open source free alternative is
TensorBoard [1] which has similar functionality and also works with different DL libraries
albeit TensorFlow or PyTorch.

In this research, we specifically employ DVC and MLFlow as our primary version control systems for
tracking model performance and data during inference. TFX was unsuitable for this study because
all models were developed in PyTorch. As our method was deployed on a single cloud VM instead
of distributed cloud clusters, Kubeflow was not necessary. The standard maintenance software
provided by Microsoft Azure proved adequate. Finally, TensorBoard and Weights & Biases were
explored during R&D, not inference; as the models were not updated at the inference stage.
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8.4 Methods

The proposed MLOps software architecture is displayed in Fig. 8.1. In this section | will describe
each component and its importance in deploying DL models.
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Figure 8.1: The proposed MLOps pipeline for running inference of DL models on images /
videos streamed from Microsoft HoloLens 2 mobile device. Black, yellow, blue and orange
boxes signify operations related to HoloLens, Microsoft Azure cloud, Docker and version con-
trol, respectively.

The architecture above was designed for processing user-recorded videos on a HoloLens 2 head-
set and processing it via DL models for visualising the outputs. Firstly, the user captures a video
with the HoloLens headset, which serves as the input data for subsequent processing. This live
video recording is streamed from the HoloLens headset to a designated Azure Blob Storage ac-
count frame-by-frame. This cloud-based storage service is particularly designed for handling large
volumes of unstructured data. This ensures that the data is securely stored and accessible for
further processing. Simultaneously, a VM in Azure is provisioned, which hosts Docker containers
with the pre-trained DL models. The Docker containers allow for a consistent and reproducible en-
vironment, simplifying the deployment and management of the models. The scripts in this docker
container continuously search for the latest frames to process from the Azure blob storage via a
communications protocol supported by the azure-blob-storage python library.

The video data from Azure Blob Storage is then fed into the DL models running on the Docker con-
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tainers within the VM. The models process the data, performing inference to generate predictions
on the input video. The results from the inference process are saved locally (as backup) and si-
multaneously streamed back to Azure Blob Storage, making them accessible for further analysis
downstream or visualization on the HoloLens. The model outputs are thus, retrieved from Azure
Blob Storage and visualized on the HoloLens headset, allowing the user to interact with or review
the results. Throughout this process, Data Version Control (DvC) and MLflow are used for maintain-
ing version control and tracking the performance of the ML models and change in data respectively.
DvC manages data versions and ML pipelines, while MLflow tracks experiment runs, model perfor-
mance, and metadata. These tools ensure that the ML workflow is reproducible, auditable, and
easily manageable. The configuration of the VM used in our study was a cloud cluster comprising
of 2 Nvidia Tesla V100 GPUs, 6 core Intel CPU and 112 GBs of RAM. The exact name of the Azure
machine is Standard_NC6s_v3.

By following this simple light-weight MLOps architecture, anyone can effectively utilise cloud-based
resources to process and analyze data from MR headsets, while maintaining version control and
ensuring a smooth, efficient workflow. In our experiments, the deep learning models we deploy
during inference is the TCENet from Chapter 7 which is a model that outputs temporally consistent
monocular depth maps and RAFT [212] which outputs optical flow.

8.4.1 Components

The key building blocks for any MLOps pipeline are: (1) cloud computing, (2) data version control,
(3) model version control and (4) docker. The following describes in detail the roles of each of
these components and how they come together into a single deployment architecture described
above.

Cloud : Utilising cloud computing for MLOps offers numerous benefits, making it an ideal solu-
tion for managing the end-to-end ML life cycle. Cloud platforms provide virtually unlimited storage
capacity for data, enabling anyone to manage vast volumes of information without the need for
extensive on-premises infrastructure. This simplifies data management and access, while also en-
suring data redundancy and availability. Additionally, cloud-based VM allow for easy deployment
of ML models across diverse environments, ensuring flexibility and rapid scaling. With the abil-
ity to provision VMs on-demand, anyone can adjust their compute resources to meet fluctuating
needs, optimizing costs and efficiency. Furthermore, cloud providers offer access to powerful GPU
resources, which are essential for training and running complex deep learning models. By offload-
ing computationally intensive tasks to the cloud, anyone can leverage the latest GPU technologies
without the need for significant upfront investments in hardware.

Data Version Control : Data Version Control (DvC) is an essential tool for overseeing and version-
ing data sets and machine learning models within MLOps processes. Built upon Git, a widely-used
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distributed version control system, DvC extends Git's capabilities to handle large data and model
files effectively. By monitoring modifications to data and model artifacts, DvC allows users to
maintain a transparent history of their work, making it simple to revert to earlier versions when
necessary. Behind the scenes, DvC stores metadata about the data files and models in the Git
repository, while the actual files are stored separately, either on local storage or remote storage
(such as cloud storage). This method ensures that users benefit from version control without
causing the repository to become overwhelmed with large files.

Incorporating DvC in MLOps offers significant advantages, including facilitating collaboration among
team members involved in ml projects. DvC enables various team members to work on different

versions of data and models simultaneously, while preserving a clear record of alterations. This en-

hances the reproducibility of experiments and fosters confidence in the results. Furthermore, DvC

simplifies the process of sharing data sets and models among teams and across environments,

encouraging efficient collaboration and knowledge sharing. By integrating DvC into MLOps work-

flows, anyone can effectively manage the intricate and iterative nature of ML projects, ensuring

harmonious production of reliable and high-quality models.

Model Version Control : Model version control is a process that tracks the changes made to ML
or DL models over time, enabling users to understand and manage model evolution. It is a critical
component of MLOps that helps manage model versions, dependencies, and configurations, en-
suring reproducibility and enabling continuous improvement. Model version control provides sev-
eral benefits to MLOps, including version tracking, code management, and model deployment. By
tracking model versions, users can identify and revert to previous versions easily, ensuring model
reproducibility. Model version control also helps manage model dependencies, such as libraries,
frameworks, and configurations, ensuring consistent and reliable model performance. Addition-
ally, model version control enables users to manage the deployment of different model versions in
various environments, such as testing, staging, and production, ensuring that the correct version
of the model is being used in each environment. In the background, model version control uses a
combination of version control tools, such as Git, and model packaging formats, such as ONNX,
to track model changes and dependencies. Overall, model version control is a vital component
of MLOps that helps manage the complex process of developing, testing, and deploying machine
learning models, ensuring model reliability and performance.

Docker Dockeris acontainerization platform that simplifies the process of packaging and deploy-
ing software applications, including ML/DL models. Docker provides several benefits for MLOps,
including portability, reproducibility, and scalability. It allows users to create a container, which
is a self-contained environment that contains all the necessary dependencies, libraries, and con-
figurations for running the application, including DL models. Docker enables users to package
and deploy machine learning models easily, ensuring consistent and reliable model performance
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across different environments. It also streamlines collaboration, making it easy to share code and
models.

In the background, Docker uses a layered file system that enables users to create a lightweight,
portable image of the container, which can be easily deployed on any system that supports Docker.
Docker images can be versioned and stored in a central repository, making it easy to manage and
share containerized applications. Docker also provides tools for managing containers, such as
Docker Compose, which enables users to define and manage multi-container applications.

All together a working MLOps pipeline requires these four key components to ensure efficiency, re-
producibility, and scalability. Docker provides a consistent and isolated environment for deploying
and managing ML models, enhancing portability and reducing environment-related issues. Model
version control allows for tracking model changes, performance, and metadata, ensuring easy
management and collaboration across teams. Data version control helps manage data changes
and ML pipeline configurations, promoting reproducibility and collaboration on data-related tasks.
Lastly, cloud computing enables scalable, on-demand resources and streamlined maintenance,
making it possible to run complex ML workloads without being constrained by local hardware limi-
tations. Together, these components create a robust, flexible, and efficient MLOps pipeline.
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8.5 Results & Discussion

The architecture depicted in Fig.8.1 was assessed using the Microsoft HoloLens 2 for deploying
our models. Specifically, the test was carried out as | wore the headset and performed my ev-
eryday activities in my living room. The architecture executed depth and optical flow estimation
using TCENet and RAFT, respectively. No offline processing or model inference took place, and
all results were obtained using the MLOps architecture, with the models running live on Microsoft
Azure Cloud. Fig.8.2 presents a sample of processed frames and the corresponding depth and
optical flow maps visible on the HoloLens headset. Fig.8.3 showcases the qualitative comparison
between the estimated depth maps from our proposed TCENet model (Chapter 7), CVD [136], and
Monodepth?2 [64]. The video Video Link demonstrates the results of running the three depth esti-
mation models (similar to Fig.8.3) in parallel using the same MLOps architecture. Note that all the
results were generated on the HoloLens live, no offline processing was conducted.

From the video, one can observe there is a delay in the depth estimates being visualised and the
RGB video frames captured from the HoloLens headset. The proposed MLOps architecture intro-
duces this delay due to the following key factors:

1. Data transfer latency: Uploading the recorded video to Azure Blob Storage and retrieving
the processed results requires data transfer between the HoloLens headset and the cloud
storage. This results in data transfer latency; where the network latency, bandwidth limita-
tions, and large data volumes can contribute to delays in data transfer. The frames recorded
by HoloLens 2 are of 2272x1278 resolution, where each frame is composed of 3.3 Mbs of
data. To stream this live to cloud storage and to run inference of a model on a remote VM
requires high-speed network connection.

2. Model inference time: Every DL model has its own unique run time (i.e. the time it takes
to do one forward pass). The run time on a cloud-based VM for inference takes longer than
run time performed on a local machine. Furthermore, depending on the complexity of the
models and the data being processed. Resource constraints on the VM can also impact the
inference speed.

3. Communication overhead: This is caused by the communication between different compo-
nents in the architecture. In our case, this would consist of the HoloLens headset, Azure Blob
Storage, and the VM, where the network connections (1) across all 3 devices can introduce
latency due to time taken to establish connections. Furthermore, the software’'s own runtime
speed can slow down this communication protocol between devices.

From Fig. 8.2 it is evident that all models are performing as expected despite being hosted live,
remotely on a cloud VM. Furthermore, it also displays the prowess of TCENet which produces tem-
porally consistent depth across the different frames despite never being trained on data captured
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on the HoloLens 2 headset. This displays TCENet's generalisability in both improving depth over
the original monocular depth estimation model (MiDASv2 [172]) and on temporal consistency. We
further evaluate this generalisability in comparison with other state of the art models like CVD [136]
in Fig. 8.3. One can observe that TCENet achieves temporal consistency in depth outputs across
the frame sequence, as indicated by the stable color map and reduced flicker. Additionally, TCENet
generates sharper depth maps around object contours, such as hands in frames 2-3 and the chair’s
backrest in frame 8. In contrast, the other models struggle to produce depth in the correct range,
maintain consistency in the output color maps (i.e., depth values), or achieve spatial geometric
accuracy, resulting in blurry depth around object edges.
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Figure 8.2: The estimated optical flow and depth maps for the corresponding input frames
streamed from the HoloLens? via the proposed MLOps pipeline. Optical flow generated from
RAFT [212] and depth generated from TCENet running in parallel on Azure VM in parallel. These
output estimates were streamed back to HoloLens 2 device where a screenshot was captured.
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Input Frame TCE Net(Ours) cvD[130] Monodepth2 [61]

Figure 8.3: The estimated depth maps from 3 methods running concurrently on Azure VM
on the corresponding input frames streamed from the HoloLens?2 via the proposed MLOps
pipeline. The outputs of these models were streamed back to HoloLens 2 device and where a
screenshot was captured.
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8.6 Conclusion

This chapter presents an MLOps pipeline for deploying deep learning models on the cloud, en-
abling their use with MR headsets like HoloLens. Addressing the often overlooked challenge of
post-training deployment, this pipeline utilises cloud computing to provide scalable, on-demand
resources for mobile devices, bridging the gap between development and deployment for real-
world applications. By offloading complex computations to the cloud, MR headsets can benefit
from deep learning models without hardware limitations and have continuous maintenance with
access to updated models. The proposed architecture employs data and model version control, as
well as Docker encapsulation, ensuring reproducibility and seamless deployment on any cloud VM.
This MLOps architecture lays the foundation for deploying models in both clinical and non-clinical
settings, ultimately driving their adoption in various applications.

8.6.1 Learnings & Future Work

In this chapter, | learned about the crucial role that cloud computing plays in MLOps, as it not
only offloads computational tasks and enables the deployment of large models but also simplifies
scaling MLOps across multiple devices. The variety of tools and frameworks available for MLOps
means it's essential for developers to select the ones that best suit their use case to minimize
complexity in service design. Additionally, | recognised that security and governance will be a key
concern in clinical adoption, which was not addressed in this study. Moving forward, considerable
attention must be given to these aspects to ensure safe and compliant deployment in the health-
care domain. Hence, the following are the key areas | recommend further development on for the
future:

1. Automated Model Retraining and Continuous Integration: To further improve MLOps, de-
velop a system for automatic model retraining based on changes in data or performance met-
rics. Continuous integration and deployment pipelines can be implemented to ensure that mod-
els are always up-to-date and performant, reducing the need for manual intervention.

2. Enhanced Model Monitoring and Performance Metrics: Establish comprehensive model
monitoring solutions that track model performance in real-time, accounting for drifts in data
distribution or model degradation. This would enable the identification of issues and trigger
model retraining or updates more efficiently, ensuring optimal performance.

3. Robust Security and Governance Measures: Data is the most valuable commodity in the
world now. Investing in the development of more robust security and governance mechanisms
to protect sensitive data and models must be a priority. This includes access controls, en-
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cryption, and data anonymisation techniques, ensuring compliance with regulations and safe-
guarding the trust of users and stakeholders.
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Chapter 9

Conclusions

The primary focus of this thesis is to tackle the key challenges that inhibit wide adop-
tion of Mixed Reality (MR) and robotics in surgery. In particular, the aim is to predict
occlusion-aware, geometrically and temporally consistent depth of a scene. This task
remains difficult due to scene occlusions, sub-millimeter accuracy requirements and dy-
namic scene motion. Particular emphasis has been given on using Deep Learning (DL)
techniques, focusing on self-supervised representation learning and generative model-
ing, to overcome the scarcity of ground truth data in surgery and create a generalisable
solution. In this research, | developed a custom video generative model to remove occlu-
sions and reconstruct scenes. | designed an advanced multi-scale Generative Adversar-
ial Networks (GANs) framework to achieve state-of-the-art (SOTA) results in monocular
depth estimation. This led to a novel stereo depth estimation model that achieves sub-
millimeter accuracy in Minimally Invasive Surgery (MIS), bringing significant advance-
ments. | also presented a novel generalisable solution that addresses temporal incon-
sistency in depth maps through the training of multiple complementary DL models. Fur-
thermore, | introduced a new Machine Learning Operations (MLOps) system to deploy
these innovative DL models on MR hardware like the HoloLens.

The impact of this work on clinical Artificial Intelligence (Al) and Computer Vision (CV)
development is substantial, as it sets a strong foundation for future innovations in the
field. As the field of Al is increasingly embracing self-supervised learning to train DL
models with generalisable features, it is an opportune moment to leverage this research
work for driving continued progress in the domain. In this chapter, the main conclu-
sions are presented. Generative modeling effectively learns generalisable features that
represent underlying data distributions and allows for downstream model refinement.
However, supervised learning is essential for dense computer vision tasks like depth
estimation due to its sharp, unambiguous learning signal. Therefore, in situations with
limited data, such as in MIS, the ideal strategy involves pre-training with generative mod-
eling followed by supervised learning on a smaller dataset for generalisability.

This chapter summarizes the key findings of this research, along with its limitations, and initiates
a conversation on potential directions for future research.
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9.1 Main Conclusions

Each chapter presented in this thesis address the core challenges in depth estimation in a unique
novel way. A common theme that is consistent in the successes of these approaches is generative
modelling and representation learning. Recent advancements in Artificial Intelligence (Al) also now
utilise these techniques, which have become part of mainstream model development [12, 73, 112].
In this thesis, each content chapter (3-8) presents unique contributions that informs my closing
remarks. The following describes the main findings:

Chapter 3: See-Through Vision with Unsupervised Scene Occlusion Reconstruction in
Videos

In this chapter, | presented a novel generative modelling approach for reconstructing scenes
with occlusions. The core concept that aided in achieving this (amongst other innovations) was
a tailor-made loss function, that incorporated adversarial, reconstruction, perceptual, style, and
temporal losses, to facilitate unsupervised training with different occlusion-to-image ratios.
The resulting model demonstrated invariance to both occlusion and scene types, effectively
reconstructing obstructed areas in surgical and natural settings. This marked the first instance
of an online video-based method for eliminating occlusions in surgical videos.

This study highlighted the significance of integrating perceptual and adversarial learning to
train a model that effectively captures the data’s underlying features. This laid the groundwork
for enhancing self-supervised learning in later chapters. It became evident that the quality of
self-supervised learning relies on crafting a suitable loss function that forces the model to learn
deep features hidden in the data, which wouldn't be possible to quantify via supervised losses.
Crafting such a loss in this chapter enabled creation of a model that not only learnt temporal
dynamics of the video but also reconstructed missing components (occlusions) with temporal
and spatial coherence.

Chapter 4: Randomly connected neural networks for self-supervised monocular depth es-
timation

In many cases like laparoscopic surgeries with monocular views, which currently lack effec-
tive computer vision systems. The absence of stereo vision can impede depth perception and
cause surgeon fatigue, prompting skilled surgeons to rely on monocular cues for hand-eye co-
ordination. Two key challenges hinder progress in this area: (1) the scarcity of dense ground
truth data for surgical settings, limiting deep learning model training, and (2) existing mod-
els biased towards natural scenes, which perform poorly in surgical environments even after
transfer learning due to distribution drift. To address these challenges, | created a novel neu-
ral network architecture for dense monocular disparity estimation, employing random neuron
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connections and attention mechanisms for feature extraction. This innovation led to the first
randomly connected encoder-decoder structure. Additionally, building on the work of chapter
3, I devised a multi-scale loss function that combines deep feature perceptual and adversarial
losses to enhance view synthesis, error calculation, and learning of the input image’s underlying
3D distribution.

This research played a crucial role in adapting perceptual and adversarial learning for depth
estimation, whilst also enhancing accuracy of monocular depth estimates for surgical appli-
cations. Additionally, it also provided me with the valuable insights into potential avenues for
extending this work to incorporate stereo inputs, which lead to the innovations in the next chap-
ter.

Chapter 5: Improving Stereo Depth Estimation via Self-Supervised Contrastive Represen-
tation Learning

Upon examining other methods in the literature in stereo depth estimation, it became clear that
supervised learning-based methods consistently outperform self-supervised ones. Hence, |
focused on determining whether self-supervised learning approaches can learn weight dis-
tributions similar to those of supervised methods. Thus, building on prior research in self-
supervised learning, | devised a stereo depth model training procedure employing joint Con-
trastive Representation Learning (CRL) and self-supervised learning. This work introduced the
first CRL methodology for stereo depth estimation, which involved efficiently training encoder
models for subsequent pairing with a decoder architecture to generate high-quality dispar-
ity maps. The CRL approach enhances performance in models trained with traditional self-
supervised image re-projection error and is scalable and optimized for highly similar images
like stereo pairs, even on single GPU hardware.

Through the research conducted in this chapter, | found that self-supervised learning is suc-
cessful in achieving generalisable stereo input representations but faces ambiguity due to pho-
tometric reprojection error. In contrast, supervised learning methods offer a more precise
learning signal. This raised the question; once generalisable features have been learned, is
self-supervised learning truly necessary for downstream stereo depth estimation? This very
question formed the basis of my next chapter where | created a method that attained sub-
millimeter accuracy on Minimally Invasive Surgery (MIS) scenes.

Chapter 6: Generalisable Stereo Depth Estimation via Masked Image Modelling

Based on the previous chapter’s findings self-supervised learning effectively acquires gener-
alisable feature representations for stereo inputs, but its photometric reprojection error loss

Samyakh Tukra 3D Vision for Robotic Surgery 178



9.1. Main Conclusions Conclusions

function limits sub-millimeter accuracy. Supervised learning, with its unambiguous and pre-
cise depth representations, is crucial. My hypothesis was that self-supervised learning is re-
quired solely for attaining generalisable feature representations, while supervised learning can
optimize depth without impacting generalisabhility (in the case of stereo).

Hence, | introduced a pioneering technique, combining self-supervised Masked Image Mod-
elling (MIM) with supervised stereo depth estimation. This constitutes the first application of
MIM representation learning for stereo depth estimation. A novel approach was proposed to
enhance MIM by incorporating a perceptual learning (presented in chapter 3 & 4) for attain-
ing generalisable visual semantic concepts. A versatile model architecture was introduced,
enabling the combination of MIM encoder with any off-the-shelf decoder for improved depth
estimation. The joint MIM-supervised method boosts performance, yielding a generalisable
model with sub-millimeter surgical depth accuracy.

Chapter 7: Boosting Depth with Temporal-Geometric Consistency

A key limitation of depth estimation models is their per-frame depth estimation, resulting in
flickering and temporally inconsistent geometry in video sequences. This issue is exacerbated
by dynamic motion, deforming structures, occlusions, and more. Addressing this is vital for
adopting Mixed Reality (MR) and autonomous robotics in applied surgery. In this chapter, |
build on Chapter 3's findings by using generative modeling to train a model that learns video
temporal dynamics and Chapter 6s insights to create a new loss function that enforces multi-
view geometric constraints, ensuring consistent predicted geometry in a sequence. Focusing
on a monocular video setup simplifies model design and allows flexibility in exploring new
training strategies.

Thus | proposed an approach that lays the groundwork for achieving consistency in depth esti-
mates in Deep Learning (DL) models and is compatible with off-the-shelf depth estimation mod-
els. This enables future expansion to stereo/multi-view input models using the same pipeline.
The method consists of a 3D-Unet trained via diffusion for learning video dynamics and a Multi
Layer Perceptron (MLP) for estimating 3D scene-flow. The innovative loss function jointly op-
timizes both for depth video consistency and enforces multi-view geometry constraints via
scene-flow for robustness to dynamic motion. This approach learns video dynamics and main-
tains depth consistency for objects with high dynamic motion despite camera movement and
occlusions. It paves the way for future work adapting consistent depth for deformable depth
in soft-tissue structures during MIS.

Chapter 8: Deploying Deep Learning Models on HoloLens
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The challenge of deploying DL models after training is often underestimated in research, as
GPU-dependent models may be restricted to research settings due to the lack of such hard-
ware in mobile devices. While previous chapters tackled the primary obstacles to the clinical
adoption of MR through innovative DL solutions, my goal was to bridge the gap between re-
search and real-world implementation. Consequently, | developed a Machine Learning Opera-
tions (MLOps) pipeline for deploying DL models on cloud services like Microsoft Azure, lever-
aging MR headset data such as HoloLens. Specifically, | designed a software architecture with
built-in version control to track changes during usage and facilitate deployment on the cloud,
thereby addressing significant computational resource requirements.

Overall, self-supervised learning and primarily generative modeling is a powerful approach that
effectively learns generalisable features representing the underlying data distributions, enabling
downstream model refinement. As observerd from the work in this thesis, it has been the founda-
tion for all proposed innovation. This technique excels in capturing complex patterns and struc-
tures present in the data, which can be beneficial for various applications. However, when it comes
to dense computer vision tasks such as depth estimation (and others, like optical flow, segmenta-
tion etc.) supervised learning is indispensable due to its precise and unambiguous learning signal,
which allows for more accurate predictions.

In scenarios with limited data availability, such as in MIS, combining both generative modeling
and supervised learning can lead to improved generalisability and performance. The ideal strategy
in these cases involves pre-training the model using generative techniques, allowing it to learn
essential features and patterns from the available data. Once the model has been pre-trained, it
can be fine-tuned using supervised learning on a significantly smaller dataset, focusing on specific
tasks and capturing more subtle details. This smaller dataset can also be created from simulation,
which as shown in chapter 6 is sufficient to train a model that generalises to real-world scenes. This
two-step process leverages the strengths of both generative and supervised learning approaches,
resulting in a more robust and generalisable model that can better handle the challenges associated
with limited data in dense computer vision tasks. | strongly believe this research path will be the
foundation for the next set of innovations in Al in MIS.

Additionally, self-supervised learning offers significant advantages when it comes to detecting data
drift or facilitating online adaptation after a model has been deployed. This capability ensures that
the model remains updated and relevant in the face of changing data distributions or evolving
real-world conditions. By continuously monitoring and refining the model estimates, generative
modeling can help maintain its accuracy and effectiveness over time.
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9.2 Barriers to Translation

While the innovations presented in this thesis have demonstrated significant potential, there re-
main substantial barriers to translating these technologies into widespread clinical practice. One
of the primary challenges is the clinical validation of deep learning models in real-world settings.
While many models perform exceptionally well under controlled conditions, their robustness in live
clinical environments—where factors such as patient variability, tissue deformation, real-time in-
ference and surgical complications introduce significant uncertainties which has yet to be fully
tested.

Additionally, integrating these technologies into existing clinical workflows poses another signif-
icant challenge. Surgeons are often hesitant to adopt new technologies that require extensive
retraining or that disrupt established procedures. There is also an ethical concern regarding the
degree of autonomy granted to machines in the operating room, particularly with regard to patient
safety. Regulatory bodies, such as the FDA and the MHRA, further complicate the adoption of
deep learning-based medical devices due to stringent approval processes that can take years to
complete .

To mitigate these barriers, future research must focus on conducting extensive clinical trials to vali-
date these models across a variety of surgical scenarios. Close collaboration with clinicians during
the design phase will ensure that the resulting technologies are user-friendly and can be seamlessly
integrated into clinical practice. Moreover, requlatory frameworks must evolve to accommodate
the rapid development of Al and machine learning in healthcare, balancing the need for rigorous
validation with the necessity of bringing life-saving innovations to market more quickly.

In addition, the Machine Learning Operations (MLOps) pipeline introduced in Chapter 8 provides a
pathway for continuous improvement and clinical validation of these models. By offloading com-
putationally intensive processes to cloud-based infrastructure, this approach allows for real-time
updates and retraining as more clinical data becomes available. This not only improves the ro-
bustness and accuracy of the models but also ensures that they evolve alongside changing clin-
ical needs, ultimately improving their chances of being successfully adopted into clinical prac-
tice.
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9.3 Future Work

In the following description | delineate potential future avenues to advance the research presented
in this thesis.

Chapter 3: See-Through Vision with Unsupervised Scene Occlusion Reconstruction in
Videos

DL evolves rapidly, with the average model lifetime now just five months before new advance-
ments emerge. Since completing this work, other studies have introduced innovative modules
for handling high-resolution inputs on single-image inpainting, such as replacing standard con-
volution layers with Fourier convolution but adapted for sequences [205]. This could improve
inpainting fidelity and make the model lightweight, enabling higher resolution outputs. Addi-
tionally, since completing this work, more accurate optical-flow models have been introduced
(i.e. RAFT [212]), which could significantly improve results by estimating occlusion deforma-
tion with greater precision. Furthermore, instead of parsing flow maps as inputs, explicitly
enforcing flow constraints as just a loss function may be sufficient. This can lead to a more
lightweight and easy-to-deploy model architectures that focus on input resolution. Reducing
the computational complexity of the current model by finding alternatives to 3D convolution,
such as combining 2D convolution with Long Short-Term Memory (LSTM) or using a full video
transformer, could further boost runtime performance.

Chapter 4: Randomly connected neural networks for self-supervised monocular depth es-
timation

The main focus for improving monocular depth estimation must be on improving depth accu-
racy and generalisability. This can be achieved by combining several approaches. Firstly, pro-
cessing inputs and generating outputs (by modifying the decoder architecture) at higher image
resolutions (e.g., 720p or 1080p) can boost accuracy [163]. Secondly, addressing scale ambi-
guity in monocular depth estimation is crucial, it can be achieved by jointly estimating camera
intrinsics and depth, leveraging the latent space of the U-Net architecture [68], which enhances
invariance to various camera configurations. Thirdly, new methods utilising zero-shot learning
and ground truth data from simulation can further bolster generalisability [172] for changing
scenes by employing ground truth depth as a sharper, unambiguous learning signal. Integrat-
ing these approaches creates a comprehensive solution that can lead to more accurate and
versatile depth estimation models.

Chapter 5: Improving Stereo Depth Estimation via Self-Supervised Contrastive Represen-
tation Learning
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In Chapter 6, it was demonstrated that self-supervised learning serves as an effective pre-
training method for acquiring generalisable baseline features, which can then be fine-tuned
using supervised learning for enhanced performance. Therefore, a potential improvement for a
fully self-supervised pipeline is to use self-supervised learning for online adaptation. Given that
photometric re-projection error is self-supervised, it allows for test-time training to continuously
improve results in real-world settings. Furthermore, as | explored in chapter 7 and 8, a major
challenge when deploying models in real-world settings is data drift. This occurs when the
distribution of real-world data significantly deviates from the training data, leading to model
estimation failures. Photometric re-projection metric can be employed to both detect data
drift and address it through test-time training, as suggested previously.

Chapter 6: Generalisable Stereo Depth Estimation via Masked Image Modelling

In this chapter | showed how combining self-supervised pre-training and downstream super-
vised learning can obtain sub-millimeter accuracy in stereo depth estimation. In this work, |
enhanced MIM by training it with perceptual loss, which improved the model's reconstruction
quality and allowed for a deeper understanding of the scene’s semantic context. Vector quan-
tization, introduced in [155], discretizes features based on context, enabling better separation
between objects and the scene context in the latent space. This has also proven to improve
reconstruction quality. Incorporating vector quantization could significantly improve both the
MIM pre-training phase and the downstream stereo depth estimation phase. For downstream
stereo depth estimation, only simulation data was used in the training process. A straightfor-
ward improvement would be to employ more challenging samples, such as domain random-
ization [213] and adversarial attacks [137]. This approach would make the model more robust
to data drift between simulated and real-world scenes, ultimately enhancing its generalisabil-

ity.

Chapter 7: Boosting Depth with Temporal-Geometric Consistency

The current method was developed using a monocular depth estimation model for easier exper-
imentation. This foundational approach can be extended to stereo videos, incorporating dual
multi-view constraints for both temporal consistency (time-based warping) and stereo consis-
tency (warping between corresponding stereo frames). Consequently, the StereoMAE (chapter
6) model can replace the baseline depth model, and the TCENet encoder architecture can be
updated for stereo inputs. This extension allows for enhanced consistency across a range of
preferred depth estimation models. Furthermore, the scene flow estimation model FlowMLP,
treats videos as volumetric inputs, but this requires substantial computational resources. A po-
tential improvement involves training FlowMLP in video frame batches and combining scene-
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flow representations into a single volume, enhancing scaling efficiency for long videos and
improving scene-flow estimation through forward-backward consistency checks.

Chapter 8: Deploying Deep Learning Models on HoloLens

To enhance an MLOps pipeline, focus on three key aspects: (1) Continuous Integration and De-
ployment (CI/CD). Implementing a robust CI/CD process ensures that new models, updates,
and improvements are seamlessly integrated, tested, and deployed. This minimizes downtime
and allows for rapid iteration, enhancing the overall efficiency and performance of the pipeline.
(2) Monitoring and Evaluation, which is essential for tracking the performance and accuracy of
deployed models. This enables the early identification of issues, such as data drift or model
degradation, and allows for prompt remediation to maintain optimal performance. (3) Scal-
ability and flexibility allows MLOps pipeline to accommodate future growth and changing re-
quirements. By leveraging modular components and implementing best practices for resource
management, the pipeline can efficiently adapt to new models, data sources, and deployment
environments, ensuring long-term sustainability and success.
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