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Abstract

In recent years, the research progress in computer vision has boosted the capabilities of machines
for interpreting visual data, thereby expanding the complexity and range of tasks that robots
could perform in fields such as autonomous driving, medicine, and industrial automation. A
principal facet of computer vision is depth estimation, crucial for enabling robots to perceive,
navigate, and interact with their environment in an effective and safe manner. Traditional setups,
like stereo or multi-camera, face challenges such as calibration intricacies and computational and
hardware complexity. Further, their accuracy is limited by the baseline between the cameras.
Monocular depth estimation, thus using a single camera, offers a more compact alternative but

is however limited by the unobservability of the scale.

Light field imaging technologies represent a promising solution to the above issues by cap-
turing both the intensity and direction of light rays not only through the main lens, but also
through a large number of microlenses placed within the camera. By these means, depth in
front of the camera can be measured owing to depth-dependent refraction at the main lens.
Despite their potential, there are limited studies exploring their application to single-view dense
depth estimation. This scarcity can be attributed to several factors. The technology remains
relatively costly and inaccessible for its widespread adoption, leading to a lack of datasets suit-
able for training deep neural networks. As a consequence, few projects have used light field
imaging for depth estimation, and existing efforts often rely on outdated iterations of the tech-
nology. Furthermore, the lack of an open-source geometrical model impedes the development of

model-based estimation.

This thesis explores the potential of focused plenoptic cameras for single-view depth estima-
tion using learning-based methods. The proposed approach integrates techniques from image
processing, deep learning, and scale alignment achieved through foundational models and robust

statistics, to generate dense metric depth maps.

To support this approach, a novel real-world dataset of light field images with stereo depth la-
bels was generated, addressing a current gap in existing resources. Experimental results demon-
strate that the developed pipeline can reliably produce accurate metric depth predictions, setting

a foundation for further research in this domain.
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1. Introduction

Within the last decades, computer vision has become a fundamental domain for numerous
applications such as facial recognition, autonomous vehicles, medical imaging, or industrial
automation. This field allows machines to interpret and make decisions based on visual data,
emulating the capabilities of human vision. Advances in computer vision have been leveraged
by the development of new algorithms, large datasets, and increasing computational power.
Despite these achievements, challenges related to complex scene understanding, variations in

environmental conditions or real-time processing are still the focus of ongoing research.

Perception is key for robots to interact with their environment. While humans rely on sen-
sory inputs like vision, hearing, and touch, robotic systems use a variety of sensors such as
cameras, Light Detection and Ranging (LiDAR), microphones, force sensors, or ultrasonic sen-
sors, among others. Sensor fusion, which integrates data from different sensors, allows robots
to create a comprehensive depiction of their environment, and therefore understand it. Visual
perception is particularly important in robotics for tasks such as navigation, object recognition,
and interaction with the environment. And accurate depth estimation becomes critical for appli-
cations where safety and reliability are of greatest importance, such as autonomous driving [66],

simultaneous localization and mapping (SLAM) [8], and robotic manipulation [27].

Metric depth from cameras is typically achieved by stereo vision, which captures images
from two points of view, similar to human binocular vision. While effective, stereo systems
require a precise alignment and calibration of cameras, and are limited for applications where,
for example, occlusions or space constrains occur. Their accuracy is limited by the baseline
between the cameras, which in turn is limited by the physical and mechanical properties of the
capturing device. Monocular approaches offer a more compact and less complex alternative since
they use a single camera, but also face challenges such as scale ambiguity, making it difficult to

determine the absolute scale of objects without additional information.

Light field technology offers a solution by acquiring multiple views of a scene simultaneously
through a single device. By capturing not only the intensity but also the direction of light rays,
these devices result potentially applicable for metric depth inference without the monocular

scale ambiguity, overcoming the limitations of traditional monocular and stereo systems.

1.1 Objective and Goals of the Project

This master thesis explores the capabilities of focused light field cameras for single-view depth
estimation using learning-based methods. By leveraging the optic configuration in focused light

field cameras, this work seeks to develop a robust pipeline that generates dense depth maps at
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Figure 1.1: Left: Plenoptic image obtained from a light field camera, displaying the microlens pattern (details
to be explained in subsequent chapters). Center: Corresponding natural image synthesized from the central
viewpoint of the camera. Right: Dense metric depth map generated using the methodology proposed in this
master thesis.

metric scale from plenoptic images (see Fig. 1.1), setting the groundwork for future developments

in this field. To achieve this, the following specific objectives are established:

e Study the state of the art in light field imaging, with an emphasis on focused plenoptic cam-

eras, and single-view depth estimation methods, particularly learning-based approaches.

e Search of existing datasets captured by a focused plenoptic camera and analysis of their

applicability to the project.

e Design and capture of a real-world dataset, suitable for learning, using a focused plenoptic

camera and a stereo system.

e Design and implementation of a methodology for predicting single-view depth from light

field images.

e Evaluation of the model’s performance with respect to similar approaches, and analysis of

the experiments conducted during its design process.

This work is carried out at the Institute of Robotics and Mechatronics, part of the German
Aerospace Center (DLR) in Munich, Germany. With 30 locations in Germany and offices in
Brussels, Paris, Tokyo, and Washington D.C., the DLR is the national aeronautics and space
research center of Germany, engaged in extensive research and development work in aeronautics,
space, energy, transport, and security, and involved in national and international cooperative
projects. The DLR significantly contributes to financing the European Space Agency (ESA),
with 61% of its total space budget in 2020 [30].

The Institute of Robotics and Mechatronics focuses on developing a variety of robots designed

to enable safe and efficient human interaction in different environments. The robots are designed
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Stage Process Hours| Sep | Oct | Nov | Dec | Jan | Feb | Mar | Apr |May| Jun
Study of light field imaging 43
Study of plenoptic cameras 60
Research Study of depth estimation 51
Additional literature review 16
Research on data availability 26
ey Introduction to vision lab 12
Lab work and dataset capture 83
Image Processing Toolkit 90
Micro Lens Depth Network 130
Development Integration of Depth Anything 6
Scale Alignment 8
Additional studies 180
Writing Writing of the manuscript 140
TOTAL 845

Figure 1.2: Gantt chart with the project’s timeline.

to be used in inaccessible or dangerous surroundings, as well as to support humans in everyday
tasks. They mimic and extend human manipulation and locomotion capabilities and perform
tasks related to interaction with the environment, with a wide range of autonomy. The institute

also emphasizes multimodal human-robot interaction to enhance the usability of robots.

1.2 Planning and Tools

The timeline for this work has been structured to align with the completion of the objectives
outlined in Section 1.1. Fig. 1.2 shows the Gantt diagram detailing the schedule of different tasks.
The tasks were organized iteratively and cumulatively, bulding on previous work. Recurrent
tasks, such as manuscript writing, have been developed in parallel throughout the project. Also,
certain tasks have been scheduled depending on limiting factors such as hardware availability.
The work has been supervised regularly through periodic meetings with supervisors to discuss

progress and plan subsequent steps.

This work has been developed using Python 3.9.16. For building, training, and testing the
microlens depth model, the open-source framework PyTorch 2.0.1 has been utilized. The Image
Pre-processing Toolkit leverages the computer vision library OpenCV 4.8.0.74. Data capture has
been performed using DLR’s internal software integration system Cissy (details in Chapter 5)
and the light field camera manufacturer’s software RxLive. Matlab was used for processing data
from RxLive and transforming stereo disparities. Version control was managed with Git and

GitHub!, and Conda 23.1.0 was used for environment management.

Computations were carried out on a GPU cluster using Slurm as a workload manager. Specif-
ically, this project was conducted on a server with a 18-core Xeon CPU with 2.3 GHz, 128 GB
RAM, and a Quadro GV100 Volta GPU with 32 GB VRAM.

LAll the code developed for this thesis is accessible upon request.
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1.3 Structure of the Manuscript

The work developed in the master thesis is gathered in this document, organized as follows:

e Chapter 1 provides a motivation of the project, specifying its context, objectives, planning

and tools used.

e Chapter 2 introduces the foundations of light field imaging, setting the theoretical basis
for the project.

e Chapter 3 reviews the state-of-the-art methods for depth estimation and studies the avail-

ability of resources related to light field imaging.

e Chapter 4 delves into the fundamentals of a light field camera, including the camera model,

its operation, and the capturing process.

e Chapter 5 covers the experimental procedure of data capture and processing towards the

generation of a dataset, detailing design decisions, equipment, and software used.

e Chapter 6 explains the developed learning-based methodology for obtaining depth from

light field information, providing details on its design and implementation.

e Chapter 7 presents and evaluates the obtained results, and discusses additional experi-

ments.

e Chapter 8 summarizes the project contributions, performing an analysis of encountered

limitations, and outlining potential future research directions.



2. Basic Concepts of Light Field Imaging

This section reviews the main principles of light field imaging. In detail, it provides an overview
of the related concepts that are used throughout this work (Section 2.1), an explanation of the
main representation methods (Section 2.2) and technologies for capture (Section 2.3), and finally

summarizes several potential applications (Section 2.4).

2.1 What is a Light Field?

The term light fields stands for representations that collect the radiance of all the light rays
that are emitted in a scene and hit a surface in the three-dimensional (3D) space. As a major
difference against traditional images, they capture and model information not only about the
intensity but also the direction of each light ray, which intrinsically provides a reconstruction of

the geometry of the observed scene [128].

A light field can be formulated as a function that gathers the visual information and mapping
between geometry of light rays and the light intensity components (i.e., red, green, and blue,
namely RGB), frequently referred as the plenoptic function [128], thus providing information

about the amount of light that flows in every direction through every point in the 3D space.

There are several approaches to model the plenoptic function. It has been frequently mod-
elled as a five-dimensional (5D) function that defines each light ray as a three-coordinate position

(z,y, z) and two angles that determine the orientation (6, ¢). However, more recent works gather

N
e

=

ﬁ
[ we ]

Figure 2.1: Left: Visual conceptualization of light field as a vector function that maps the geometry of light rays
to the plenoptic attributes, providing information about the amount of light flowing in every direction through
every point in space. Right: 4D light field representation. L(z,y,&,n) € R?, where (z,%) represent the camera
(lens) plane and (£,n) the image (sensor) plane.
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Figure 2.2: Two possible visualizations of a light field as a matrix of sub-aperture images can be generated by
fixing either the aperture plane (z,y) or image plane coordinates (£, 7). In the former (top), each image represents
all the light rays leaving the image plane that can pass the same point on the aperture plane. This generates
a direction-major representation that provides a pinhole image for each point of view, arranged on a regular
grid parallel to a common image plane. In the latter (bottom), each image represents the light rays that pass
through the same point on the image plane that reach different points on the aperture plane, thus generating a
position-major representation.

the information of the scene in a four-dimensional (4D) plenoptic function L(z,y,&,n). This
method is known as the two-plane parametrization, and provides a description of each ray’s inter-
section points with two parallel planes: the image plane (€ C R?) and the lens plane (II C R?).

This parametrization allows mapping the light field as:

L:QxT—=R,(p,q' = L(p,q), (2.1)

where p = (z,9)T € Q and q = (£,1)" € II refer to the spatial and directional coordinates

in the camera and sensor plane respectively (see Fig. 2.1).

2.2 Representation Methods

Since light fields are characterized by their complex and high-dimensional nature, they require
dedicated representation methods that make them visually comprehensible. One conventional
approach is to represent 4D light fields as a matrix of sub-aperture images which provides a more
manageable 2D representation by fixing the spatial dimensions of one of the aforementioned

camera and image planes [114, 128] (see Fig. 2.2).
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Figure 2.3: Representation of an Epipolar Plane Image (EPI), which is generated by executing a linear scanpath,
typically in horizontal or vertical directions, across a scene. As the scanning progresses, images are integrated at
each position, creating a slice that represents the distance from a specific point in the 3D space to the camera. This
process provides a visual representation where each captured scene point corresponds to a distinct linear trace,
and the resulting slope is indicative of the distance between a scene point and the camera, thus encapsulating
spatial information of the scene, providing the distance relationships within the 3D environment.

Another common way of representing light fields is the Epipolar Plane Image (EPI), which
is the 2D representation obtained by slicing the 4D light field holding constant one spatial and
one angular dimension (i.e., one coordinate of each of the planes) [114]. In this manner, every
point of the scene captured in one scan corresponds to a linear trace in the EPI, whose slope is

related to the distance between the 3D point in the scene and the camera [63] (see Fig. 2.3).

The use of these representation techniques enhances the understanding of both the color
and geometrical intricacies (i.e., spatial and angular dimensions) of captured scenes. However,
these approaches come with certain limitations: They often involve decoding raw images taken
by various capturing devices, necessitating the use of specifically designed light field image pro-
cessing libraries, toolboxes, or proprietary software from manufacturers that may not always be
open source or may cater to specific types of captured data or devices. Additionally, while syn-
thesized representations serve as useful tools for comprehending light fields, they may introduce
fidelity issues and artifacts. This reliance on handcrafted solutions brings up challenges such as
resolution issues, sensitivity to generalization based on the device used for capturing the scene,

and the need for careful calibration of capturing devices, among others.

2.3 Capture Technologies

In recent years, diverse technologies and devices have emerged for capturing light fields. A
pioneering approach involves the use of camera arrays, where multiple cameras are spatially
arranged to capture high-resolution light fields simultaneously (Fig. 2.4a). However, despite
their efficacy, their bulkiness and cost have limited their widespread adoption. Another method,

known as time-sequential capture, utilizes a single camera to capture a light field through multiple

7



Figure 2.4: Overview of two of the most used light field capturing techniques. Stanford Multi-Camera Array [2]
(left) and R5 plenoptic camera from Raytrix [93] (right).

exposures. However, this approach is time-consuming and imposes limitations on capturing

scenes with dynamic elements.

An alternative technique, known as multiplezed imaging, involves encoding high-dimensional
information into a simple 2D image. This approach has become the most popular method [102]
since it is performed through the use of plenoptic cameras, also known as light field cameras
(Fig.2.4b). These handheld devices offer a thorough view of a scene in a single shot. Their
compact design enhances usability, since a microlens array (MLA) positioned in front of the

sensor enables the capture of sub-aperture images arranged in a grid pattern [23].

Unlike other active light sensors, cameras employ passive technology, allowing the capture
of light field images in outdoor scenes as easily as indoors. This capability to acquire light field
images instantaneously in various environments adds to their versatility. The captured images
offer multiple benefits, allowing visualization of scenes from slightly different viewpoints as well
as post-shoot adjustments of the focal plane [78]. Also, their unique internal structure facilitates
depth estimation even in uncontrolled settings, setting them apart from active sensing devices,

which are restricted to controlled illumination and indoor scenes.

The emergence of plenoptic cameras has impacted photography, revolutionizing the way im-
ages are both captured and interpreted. However, these devices also present certain limitations.
Their design entails a trade-off between angular, spatial, and sensor resolution. This challenge
arises from the compact format of the camera, which inherently implies a narrow baseline be-

tween the microlenses, as well as the utilization of a conventional camera sensor.

2.4 Applications

From the early 2000s, light field imaging transitioned from research to practical applications in
industry. This evolution led to the development of new devices such as the hand-held plenoptic

camera [85]. In the 2010s, light field technology entered commercial markets [93, 1], offering a

8
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Figure 2.5: Examples of light field applications. a) Dynamic image refocusing [81] . b) Cinematography with a
light field camera [21]. ¢) View synthesis of a Rubik’s Cube’s faces though light field data [51].

number of advantages over traditional cameras, notably the ability to refocus after capturing
an image. These advances opened new possibilities of application in disciplines such as image

editing, holography, perception, and augmented reality (see Section 2.3).

Furthermore, significant progress has been made in light field applications during the last
decade (see Fig. 2.5): Areas such as light field editing [10], image quality enhancement [101],
3D reconstruction [23, 63|, view synthesis [58], and the acquisition and display of light fields
in industrial settings [77] have witnessed notable advancements. The capacity of light field
technology in addressing diverse challenges and requirements makes it versatile to potentially
be used across various domains. This work particularly focuses on the study of depth estimation
(see Section 3.1).



3. Related Work

This section presents relevant past work regarding the estimation of depth, the generation of
extended depth-of-field color images, and the availability of datasets and other resources in the

area of light-field imaging.

3.1 Depth Estimation

The challenge of depth estimation has been a widely explored problem in the field of computer
vision. Understanding the spatial relationships within a scene is a fundamental aspect of vi-
sual perception, which is essential for a broad number of applications ranging from robotics to
augmented reality. The precision with which a system can measure! depth defines its ability to

interpret the environment, which has a high impact in processes that involve decision-making.

This section delves into the state of the art of depth estimation. It focuses on three different
approaches: First, on classical methods (Section 3.1.1); then, on cutting-edge learning-based

techniques (Section 3.1.2); and finally, on methods applied to plenoptic imaging (Section 3.1.3).

3.1.1 Geometry-based Methods

As detailed in Section 2.3, light field capturing devices can be perceived as intricate derivatives
of a stereo vision system [38]. Within this context, the principle of stereo triangulation still
emerges as a fundamental concept, serving as a basis for a broad variety of depth estimation

approaches.

Triangulation

In computer vision, the process of determining a point’s 3D position from corresponding image
projections and known camera positions is known as triangulation [110]. This foundational
concept relies on the known distances between two separated vantage points observing the
same point in the scene. By leveraging these parameters and relationships, the distance from
the observing positions to the scene point can be precisely calculated. This fundamental idea
finds a widely-known application in stereo vision systems, where depth information is extracted

from a pair of images obtained from pre-calibrated cameras placed in two different points [84].

! Measuring differs from inferring; while machine learning can infer or deduce details like high resolution,
depth, or refocus from training data, measuring lacks prior assumptions, reducing bias and enhancing accuracy
and safety in unfamiliar environments.

10
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Figure 3.1: The 3D point stereo triangulation principle involves determining the point that best approximates
the intersection of the 3D rays projected from the optical centers Or, O, of two cameras. In the picture, the 3D
point x3p, belonging to the epipolar plane (blue), is found through the intersection of the rays that are projected
from each camera towards the 2D projection of the point in each camera, x1, zr. The projections of the position
of each camera in the other camera’s field of view (er, er) are shown, as well as the respective epipolar lines,
lr, 11, that, in this case, are formed between the projected point and the epipole.

Analogously, triangulation enables the transformation of 2D image data into precise 3D spatial

information, forming the backbone of various depth estimation techniques [89].

To determine the 3D pose of a point in space, the use of two calibrated projective cameras
with known poses, both observing the same point, is necessary. However, due to the presence
of noises (from image processing) and inaccuracies (from calibration), the projected 3D camera

rays for both cameras do not necessarily exactly cross.

A widely adopted approach to address this challenge is to identify the 3D point closest to
the projected 3D rays with origin at the j'™ camera optical center c; and in a direction vj,
that correspond to each of the the 2D matching feature locations {z;} observed by the cameras
{P; = K;[R;|t;]}, where t; = —Rjc; (see Fig. 3.1). This process aims to find the nearest
3D point by minimizing the distance between the two closest points along the traced rays. In
other words, this method seeks to determine the spatial location that optimally aligns with the
intersection of the camera rays by solving an optimization problem where the residual in the
measurement equations is minimized. Therefore, the optimal value for the 3D point can be

computed as a least squares problem.

Alternatively, it can be solved by minimizing the residual in the measurement equations,
leading to non-linear least squares problem. This can be linearized and reformulated as a
problem analogous to the Direct Linear Transformation (DLT) [40]. When using homogeneous
coordinates, the resulting set of equations becomes homogeneous. Consequently, the problem
can be tackled with the Singular Value Decomposition (SVD), where the objective is to identify

the smallest singular eigenvector [110, 82].
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Depth and Disparity

It is common to rely on disparity as a reference to the estimated depth, especially in stereo
vision problems, since it measures the apparent shift in an object’s position between the views
obtained from a camera pair, which is naturally related to inverse depth. While disparity
provides a measure of relative depth, it lacks the inherent real-world scale of the scene. To
provide information in the real metric scale in the case of unknown scene objects, the baseline
distance between both cameras (i.e., the separation between their optical centers) and the focal
length have to be known and considered. These parameters are fundamental since they allow
the conversion of depth information from disparity units to the real-world scale employing the

triangulation principle.

However, it is noteworthy that certain methods in the literature (especially the monocular
ones) operate under the constraint of scale ambiguity: In these cases, the baseline distance
remains unknown, introducing an uncertainty on the estimated depth and leaving it as an up-
to-scale parameter. One of the most widely used methods is Structure from Motion (SfM), which
aims to recover the 3D structure as well as the poses of cameras from image correspondences, but
it embraces the scale ambiguity issue [110]. Other methods, including learning-based approaches,
may also encounter these restrictions [97]. In these cases, addressing scale ambiguity becomes an
extended challenge, emphasizing the importance of careful calibration and exploring innovative
techniques to enhance the accuracy of depth estimation for a broad variety of computer vision

applications [106].

Multi-View Stereo Vision

In the reconstruction of a 3D scene from calibrated overlapping images taken from various
viewpoints, multi-view stereo approaches prove to be an improvement for obtaining depth in-
formation [103]. Unlike stereo depth, where information comes from two viewpoints, multi-view

stereo benefits from a higher number of data captured from multiple vantage points.

A prevalent approach involves utilizing the sum of squared differences (SSD), which assesses
differences across all images concerning a reference image. These techniques involve challenges
like the baseline constraint, which implies a balance between geometric accuracy and robustness
to occlusions [28]. Another approach is the EPI analysis, involving stacking corresponding
scanlines from all images to exploit the lateral movement of objects at varying depths [112].
Techniques like Kalman filtering or maximum likelihood inference deal with series of sequential

observations, enhancing the robustness of the depth estimation process.

Whenever there is less availability of images, aggregation techniques such as sliding windows
or global optimization become essential [60]. While computing a depth map from multiple inputs

surpasses the accuracy of pairwise stereo matching, more significant improvements arise when
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estimating multiple depth maps concurrently from each pair. This allows more accurate rea-
soning about occlusions, as regions obscured in one image may be visible in others. Algorithms
like COLMAP leverage view selection and geometric consistency between multiple depth maps
to filter matches [109, 59, 76, 123, 98].

Depth from Monocular Vision

Monocular (also known as single-view) depth estimation is an under-constrained problem, since
in general it is geometrically impossible to determine the depth of an unknown scene from
the information in the pixels of just one image [14]. Paralleling the way humans infer depth
effectively with a single eye by leveraging cues such as perspective, scaling, and visual appearance
through lighting and occlusion, there are computational methods that aim to compute depth
with a single image [11, 128]. To address this challenge, learning-based approaches have emerged,
capable of leveraging prior information to predict pixel-wise disparity or up-to-scale depth from

RGB camera frames.

Monocular plenoptic cameras, however, are able to measure depth through a single camera
lens. As discussed in Section 4.1, these devices enable the capture of light field images in a
single exposure using one camera. This unique characteristic aligns with the principles of depth

estimation from monocular vision, where a single device is employed to capture the scene.

3.1.2 Learning-based Methods

Over the past few decades, deep learning has been applied to a wide variety of domains, notably
in computer vision and graphics, to extract valuable insights of 3D scenes from images using the
prior knowledge learned from data, as well as the adequate architecture of the neural networks.
One particularly notable challenge is inferring 3D information from monocular images, where
conventional geometry-based approaches cannot be applied. Unlike scenarios with more than
one point of view where multi-view stereo approaches can be applied, monocular images provide
spatial information through a single viewpoint, making triangulation unfeasible. In this case,

specific approaches tackle the problem of monocular depth estimation.

Monocular Depth Estimation

In recent years, significant progress has been achieved in learning-based monocular depth estima-
tion methods particularly through the utilization of multi-scale deep networks. These networks
predict coarse depth initially and then refine the predictions using both global and local net-
works [22]. While architectures like convolutional neural networks (CNNs) [115], transformer

networks [20, 73, 9, 127], and those incorporating pixel-wise transformer layers [50, 92, 126] have
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shown promising improvements, the challenge of slow convergence persists as these methods treat

depth estimation as a regression task.

Some alternative approaches frame the problem as a classification task by discretizing depth
into intervals [26, 13]. This yields higher model performance but often comes at the cost of

visual and depth quality.

Furthermore, other works combine the aforementioned methods and adopt a hybrid classi-
fication and regression strategy. These approaches learn probabilistic representations for each
pixel, predicting final depth values as a linear combination of probability distributions with dis-
crete bins [7, 56, 69]. While these methods address issues in visual quality, they may introduce
inductive biases, which can be limiting in tasks where different assumptions hold, or lose global

information among other problems.

Additionally, some works in the literature explore strategies for enhancing monocular depth
estimation. These include self-supervised learning [33], incorporating several auxiliary tasks like
environment classification to perform multi-task training [57], using specific supervision losses,

and employing relative estimation techniques [53].

Multi-View Stereo

A variety of works use deep neural networks to tackle the multi-view stereo problem. Initially,
learning-based approaches focused on acquiring more robust feature representations to gener-
ate correspondence pairs which would be averaged for better matching features from multiple
images [39, 122, 75], and consequently better depth estimation. However, learning a matching
function using multiple images as an input [41] had an impact in how this problem was addressed.
More recently, end-to-end learning methods have been introduced. These works combine both
classical constraints such as feature matching [61, 55] or plane-sweep [49] approaches with learned

high-level information to address the depth estimation problem.

More recent works integrate deep neural networks to compute matching or cost volumes
and fuse them into disparity maps [49, 62]. They incorporate visibility and occlusion handling,
confidence maps, geometric consistency checks, and efficient propagation schemes to achieve
superior results [120, 125, 86].

Both single and multi-view stereo vision techniques find extensive applications in the fields
of computer vision and robotics [118]. They are particularly prominent in visual Simultaneous
Localization and Mapping (SLAM), where the fusion of multi-view constraints and depth in-
formation enhances maps accuracy as well as the camera pose estimation [15]. In the domain
of autonomous driving, these techniques are crucial for urban reconstruction algorithms, which
play a fundamental role in navigation. However, these algorithms must exhibit robustness to

effectively tackle a number of challenges, including variations in lighting conditions, occlusions,
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changes in appearance, high-resolution inputs, and the demand for large-scale outputs. The re-
sulting 3D reconstructions have a significant role in applications such as static obstacle detection

and precise localization for collision avoidance strategies [54].

3.1.3 Methods Applied to Plenoptic Imaging

As mentioned in Chapter 2, a light field contains the spatio-angular information of light rays,
providing valuable cues, such as correspondence and defocus, binocular disparity, aerial per-
spective, and motion parallax. These cues allow performing depth estimation for a captured
scene [128]. Additionally, the increase in the usage of light field cameras is related to their ver-
satility and good capabilities handling occlusions, which contributes to enhance the robustness

in depth estimations by solving a commonly encountered challenge [60].

Diverse methodologies have been proposed to tackle the task of depth estimation from
light field images. Over the last two decades, the approaches have diversified into traditional
geometry-based methods and more contemporary learning-based pipelines. According to the ex-
tensive review by Zhou et al. [128], depth estimation methods can be categorized as constraint-
based when they use various constraints (i.e., combinations of depth cues) of the light field
structure; EPI-based when the EPI representation is exploited to perform a dimensionality re-
duction; and CNN-based, employing convolutional neural networks leveraging prior data for

obtaining a better balance between accuracy and computational cost.

Some works explore classical approaches, such as applying the triangulation principle to the
MLA in a plenoptic camera [38]. However, these models are custom-made for a previous model
of plenoptic cameras [85] (see Section 4.1.1), and addressing the more complex and updated
models such as the one used in this master thesis is recognized as a future challenge. Remarkable
efforts have been done for feature extraction for Structure from Motion in plenoptic cameras
(P-SfM) [124] and the application of the Central Projection Stereo Focal Stack (CPSF), which
performs a refocusing around the central projection for feature extraction [72]. Nevertheless,
while these methods achieve high accuracy, their extensive computational requirements remain

a significant drawback.

There are few works on machine learning techniques for light field analysis. Some models
address challenges such as disparity reconstruction [42], object detection, and material recog-
nition [117, 58]. Others implement model-free approaches for problems that are not confined
to a specific statistical space, such as face reconstruction [23]. However, the scarcity of high-
quality large-scale training data, crucial for training deep network architectures, makes them
recur to classic methods as viable alternatives. These techniques rely on handcrafted solutions,
including variational principles or EPI filtering [45], which can be combined with learning-based
approaches, both supervised and unsupervised [19], such as CNNs [44, 43] or attention mod-
ules [111, 12].
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3.2 Data and Resources

As detailed in Section 3.1.2, some works have addressed depth estimation problem from light
field capturing devices, some of them with a focus on learning-based methodologies. However,
when exploring the domain of learning-based approaches, a recurring obstacle emerges: the
scarcity of available data. This shortage is caused by both the limited availability of light field
capturing devices and, in the case of labeled, supervised 3D training, the difficulty in setting
up an external ground-truth 3D measuring system for data registration. The utilization of a
camera array, although effective, proves to be a cumbersome and expensive alternative. The
requirements involve multiple cameras, considerable space, and processing units, which makes
this approach impractical for a wide range of users and institutions. Additionally, the lack of
mobility in such setups due to their considerable dimensions restricts the ability to capture
diverse scenes from different locations. Therefore, the capture of light fields is constrained to a
predominantly static point of view, often within a laboratory setting, where changes occur in

the scene itself rather than in the pose and environment of the camera setup.

Considering plenoptic cameras, their compact and versatile design stands out as a notable
advantage with respect to stereo cameras and structured-light solutions, positioning them as
commercially viable and customer-oriented devices [1]. Moreover, the advanced technology
incorporated into these cameras allows post-processing advantages, although it is conditioned
by the dependence on the manufacturer’s proprietary software for decoding raw data [94]. This
reliance involves certain limitations, further influencing the accessibility and adaptability of the
plenoptic camera. In addition, their rarity and the precision required in their manufacturing
process contributes to their elevated cost, preventing widespread adoption in the consumer

market [96], which in turn does not allow for the cost advantages of economies of scale.

These limitations have led to a lack of light field datasets captured with plenoptic cameras.
Notably, the Stanford Light Field Archives stand out as significant contributions in this do-
main, since they gather information comprising images captured by a well-known camera array
with high resolution [119], previous versions of plenoptic cameras [36], or multi-view camera
systems [16]. Additionally, other datasets captured with similar setups exist [83, 95]. These
datasets are particularly valuable for tasks involving decodings like EPIs and multi-view stereo.
However, its utility in learning-based approaches is limited by a lack of sufficient data as well
as a data format or version misalignment with respect to raw images obtained by a modern

plenoptic camera 2.0.

Several toolboxes have been developed to tackle the decoding challenges associated with
plenoptic cameras [17, 18, 35, 79, 80]. These tools enable the conversion of plenoptic images into
natural images or other representation forms, such as EPIs, yet have been carried out for plenop-
tic cameras 1.0, leveraging its geometric model for the decoding process [74]. However, with

the introduction of the focused plenoptic camera, or plenoptic 2.0 (see Section 4.1.1), significant
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Table 3.1: Overview of the existing light field datasets that are publicly available [47]. Information about their
public availability and other features that have been taken into account for this project. The suitability for
learning is based on the number of images they have. The suitability for modern plenoptic cameras 2.0 depends
on the device which has been used to capture the data.

Suitable for Suitable for modern

Name Type learning plenoptic cameras 2.0 Ref.
(O1d) Stanford Light Field Dataset Real-world No No - Camera array [65]
New Stanford Light Field Dataset Real-world No No - Camera array [119]
Stanford Lytro Dataset Real-world No - 180 samples No - Lytro 1.0 1]
Stanford Multiview Dataset Real-world Yes - 7200 samples | No - Lytro 1.0 16
MIT Synthetic Light Field Archive Synthetic No N.A.* 87
HCI 4D Light Field Dataset Synthetic No - 28 samples N.A. 48
Lytro first generation dataset Real-world No - 30 samples No - Lytro 1.0 83
EPFL Light-Field Image Dataset Real-world No - 118 samples No - Lytro 1.0 95
Light field Saliency Dataset (LFSD) Real-world No - 100 samples No - Lytro 1.0 68
LCAV-31 - A Dataset for Light Field Object Recognition | Real-world No No - Lytro 1.0 31
A 4D Light-Field Dataset for Material Recognition Synthetic No N.A. 117
Occlusion-aware depth estimation using LF cameras Synthetic No N.A. 116
DDFF 12-Scene 4.5D Lightfield-Depth Benchmark Real-world No - 720 samples No - Lytro 1.0 42
University Rome, SMART Dataset Synthetic No N.A. 91
MPI Light Field Intrinsics Synthetic No N.A. [100]
MPI Light Field Archive Synthetic No N.A. 4
Matching Lytro and Raytrix Dataset Real-world No - 31 samples Yes 5
CVIA Konstanz Specular Dataset Synthetic Yes N.A. 6
V-SENSE Lytro Illum Dataset Real-world Yes No - Lytro 1.0 67
Custom-built Plenoptic Camera Dataset Real-world No No - Lytro 1.0 37
POV-Ray LF dataset Synthetic Yes - 900 samples | N.A. 43

* N.A. stands for not applicable.

internal modifications, including adjustments to the MLA position and other features within
the camera lens setup have been introduced, rendering existing toolboxes and methodologies

designed for plenoptic 1.0 to some extent obsolete for this new system.

As of now, there are no toolboxes available that are specifically designed for plenoptic cam-
eras 2.0 [88]. This absence can be attributed to the non-trivial nature of the geometrical model
and required computations associated with this device. Furthermore, a general lack of infor-
mation arises due to the proprietary nature of these systems. Consequently, since detailed
specifications (like the inner distance between the camera chip and the MLA) are not publicly
available, decoding the obtained information becomes a challenging task. Moreover, the lack of

transparency in such software may introduce potential errors into the decoding process.

Given these challenges, acquiring a real-world plenoptic dataset that encompasses both in-
door and outdoor scenes becomes a difficult task. Particularly, assembling a dataset tailored
for deep learning purposes presents complexities, mainly due to the substantial quantity of
images required. Hence, up until this point, the majority of studies in the field of learnt
depth in plenoptic imaging have relied on synthetic datasets crafted through modeling soft-
ware [65, 87, 47, 91, 100, 4]. These synthetic datasets are meticulously designed, taking into
account diverse parameters to enhance variability and robustness. However, the lack of real-
world labeled data emphasizes the challenges related to obtaining realistic and extensive datasets
for developing learning-based techniques in this area. An overview of the inspected datasets is
provided in Table 3.1.
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4.0perating Principles of a Light Field Camera

Throughout the evolution of light field technologies, different methodologies have emerged to
encapsulate the intricacies of light fields, as described in Section 2.3. Among these, the camera
array stands out: A grid of cameras strategically positioned to capture a scene from subtly varied
perspectives, functioning as a multi-view stereo system, thus enabling the extraction of spatial
information for points within the scene. Another avenue explores time-sequential techniques, and
in this context, the focal sweep approach is noteworthy. This technique allows the correlation of
different apertures to focusing distances, providing a mean to estimate the distance of a point
with respect to the camera used for the capture. Finally, the plenoptic camera emerges as a
user-friendly concept with several capabilities that make it a versatile tool with high potential.
In this chapter, the plenoptic camera model is studied, making emphasis on its geometry, and

delving into the core concepts that define its unique operation.

4.1 The Plenoptic Camera

While the fundamental concepts of 3D photography trace back to the early 20th century, par-
ticularly to integral photography works [52, 71], it was not until the end of the same century

that the ground-breaking plenoptic camera concept was proposed [3].

The core design innovation consists of adding a MLA between the sensor and the main lens
set. This arrangement allows sampling the 4D radiance at the microlenses. Therefore, these
microlenses produce multiple sub-aperture images, which the sensor captures. Each sub-aperture
image presents a slightly different perspective of the scene, similar to the approach of a camera
array. This device does not only introduce a revolutionary method for capturing light fields with

a single exposure, but also allows recording comprehensive spatio-angular information.

4.1.1 Camera Model

The first prototype of a plenoptic camera made its debut in 2005 [85]. This pioneering device
marked a revolutionary shift in digital photography by introducing capabilities such as refo-
cusing, noise reduction, and image sharpening. In addition, it operated in the same manner
as an ordinary hand-held camera. This model is widely known as the traditional, standard, or
plenoptic camera 1.0, and its optical design comprises a photographic main lens, a MLA and a
photo-sensor array. In this traditional model, the main lens is focused at the microlens plane,
and microlenses are focused at optical infinity — i.e., the main lens (see Fig. 4.2 a). Essentially,

the main lens remains fixed at the microlenses’ optical infinity, and the photo-sensor is glued
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PLENOPTIC DEBAYERED PLENOPTIC CENTRAL SUB-APERTURE

Figure 4.1: Left: The plenoptic light field image obtained from a light field camera allows obtaining the cor-
responding sub-aperture images by fixing two coordinates — in this case, the ones referred to the pixels inside
each lenslet p = (amy)T — thus generating a direction-major representation. Center: Corresponding debayered
plenoptic image. Right: Central sub-aperture image (i.e., coordinates are fixed at the centroid of each microlens).

at their focal depth to enable the focusing of the microlenses [85]. This configuration enabled
extracting light fields from plenoptic sub-aperture images according to the 4D parametrization

explained in Section 2.2 (see Fig. 4.1 for further details).

However, in this model, due to the focusing condition at infinity, each microlens image is
defocused with respect to the image created by the main camera lens and the scene object. This
results in only a single pixel being rendered in the final image, leading to a loss of resolution,
which is a limiting factor. Consequently, a new plenoptic camera model was developed in 2009
that interprets the MLA as an imaging system focused on the focal plane of the main camera
lens [74]. This new setup involves a structural change, allowing the microlenses to focus on the
image produced by the main lens (i.e., its focal plane) inside the camera rather than at infinity.
This introduces a flexible trade-off between spatial and angular dimensions, enabling multiple
pixels from each microlens to be rendered in the final image [29]. Widely known as the focused
plenoptic camera or plenoptic 2.0 (see Fig. 4.2 b), it is the model extensively used nowadays

and in this work.

4.2 Light Field Software

Plenoptic cameras, despite attempts to introduce them to the market, are still rare devices and
have not gained widespread acceptance among users. This may be attributed to the perceived
complexity of the technology and their high price, restricting their usage mainly to research
institutions and industries. In the context of this project, we use a camera device by Raytrix !,

a prominent manufacturer operating mainly in Europe.

The associated software, RxLive, plays a crucial role in handling data from the Raytrix light

'Raytrix R5 camera: https://www.youtube.com/watch?v=1zBtKni9mRs&ab_channel=raytrix
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Figure 4.2: Illustration of (left) the traditional plenoptic camera 1.0 and (right) the plenoptic camera 2.0. In the
plenoptic camera 1.0, the main lens is focused on the microlens plane, and the microlenses are focused at optical
infinity, which corresponds to the main lens. In the plenoptic camera 2.0, the real image is focused in a virtual
plane in front of or behind the MLA at a distance a, which corresponds to the imaging plane of the microlenses.
The virtual image is then re-imaged onto the sensor [74].

field camera. RxLive facilitates data capture, processing, and calibration, through an intuitive
and user-friendly visual interface. While the software enables the extraction of plenoptic images
with the MLA, it also employs proprietary algorithms to reconstruct the natural image from the
central point of view. Moreover, RxLive offers functionalities such as 3D reconstructions and
data presentation in various formats like point clouds and color maps. Despite its versatility,
RxLive is not an open-source solution, and the methods utilized for depth estimation are not
publicly disclosed. This lack of transparency raises questions about the reliability of depth

calculations and the potential presence of errors in the proprietary methods.

To address this concern, this project adopts a multi-faceted approach, dividing the problem
into several sub-problems. The aim is to examine and evaluate the accuracy of the state-
of-the-art proprietary software, such as RxLive, in comparison to a stereo system employing a
semi-global matching algorithm. The latter has previously demonstrated sub-pixel accuracy [46].

The technical details about the devices used in this project can be found in Chapter 5.

4.3 Scene Capture with a Focused Plenoptic Camera

As shown in Section 4.1.1, the plenoptic camera 2.0 model can be conceived as a device to
capture the scenes where the image focuses in a virtual plane that needs to be re-imaged onto
the sensor (see Fig. 4.3). Therefore, the depth information obtained from the camera is provided

in terms of virtual distances.

The inner parameters that relate to the configuration of the latest model of the camera
remained undisclosed until 2016, when specific calibration software was developed to obtain

values related to depth and brightness parameters [107]. Image-based calibration methods were
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Figure 4.3: Representation of the plenoptic camera 2.0 model based on the thin lens camera model approach [107].

conceived to achieve this goal, enabling the deciphering of internal parameters of the camera
configuration and the recovery of information about the scene not directly provided by the
manufacturer. Obtaining a partial model of the camera plays a fundamental role in this prob-
lem, since it enables the calculation of metric depths from the virtual depths provided by the

manufacturer — which magnitude is not provided originally.

Strobl et al. [107] refer to virtual depths, denoted as v, as a quotient of the focusing distance
a of the MLA, and the distance b between the sensor and the MLA (see detail in Fig.4.3):

v=a/b, (4.1)

where b is an unknown value associated with the camera’s production. Virtual depths have
limited utility due to their non-metric nature with respect to the corresponding depth .z for a
point .p in the scene. However, the thin lens camera model allows expressing its corresponding

focused projection .py at the camera’s virtual focusing plane as follows:

Xf 1 0 0 O X

B L N Y A (4.2)
cZf 00 1 0 ez
1 0 0 —% 1 1

Therefore, internal metric projections .py at the camera’s virtual focusing plane can be

obtained from virtual depths as follows:

czf=a+h=v-b+h, (4.3)
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where h represents the distance between the MLA and the camera reference frame S¢o (see
Fig. 4.3). To perform such transformation, accurate estimations of h and b are required. For
this purpose, the Plenoptic Camera Calibration Matlab Toolbox (P-CalLab) [108], developed at
DLR, is utilized to obtain estimations of the camera parameters. Once obtained, and following
the thin lens camera model assumption [107], the metric distance r of a point with respect to

the camera can be calculated using:

1 1 1

= 4, 4.4

f cZf r ( )
where f is the focal length of the main lens, .zy is the depth of the virtual projection, and r is

the metric depth in the direction of the principal axis of the camera (see Fig. 4.3).

Image Decodification Pipeline

In this project, RxLive is employed for capturing various scenes. Given the focus on depth esti-
mation, the software’s output is configured to provide the desired information: This includes the
plenoptic image, representing the data gathered by the sensor through the microlenses (result-
ing in visible lenslets in the output). Additionally, the all-in-focus natural image is synthesized
using proprietary algorithms. The plenoptic depth map is obtained, displaying virtual depth
values and their confidence in a two-channel matrix. The plenoptic depth map translates this
information into a continuous color map. The configurations for different scene codifications are

fine-tuned using the RxLive user interface.

Pre-processing depth images obtained with RxLive is fundamental to provide the ground-
truth plenoptic depth, serving as reference for training a network in subsequent stages of the

project’s pipeline.
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5. Dataset Generation

As it has been previously described, there are limitations in applying learning-based approaches
to address the depth estimation problem for plenoptic cameras, mainly due to the absence of a
suitable dataset (see Section 3.2). Furthermore, the limited commercial availability of this kind
of cameras, together with manufacturers’ reluctance to disclose information for confidentiality
reasons, hinders the utilization and interpretation of data obtained from these devices. As an
alternative, it is possible to complement these cameras with secondary systems such as stereo
cameras, infrared sensors, or LIDAR. These additional devices can provide valuable information
about the scene that may not be directly available through the manufacturer’s software. These
cues can then be incorporated into a learning-based pipeline to infer information that has not

been publicly provided.

This chapter focuses on the creation of a light field dataset that is suitable for deep learning-
based approaches (see Section 5.1), such as the depth estimation problem that this project
alms to tackle. It first reviews the available hardware and software, and their impact in an
accurate and robust depth estimation (Section 5.2). Then, it induces a discussion of the design
criteria that have been considered for its capture (Section 5.3), to finally conclude with the

pre-processing pipeline for generating a dataset (Section 5.4).

5.1 Captured Data

The generated dataset is composed of images captured with a plenoptic camera and later pro-
cessed with the software provided by its manufacturer (see Section 5.2). In addition, a stereo
system is used to obtain natural depth information through the Semi Global Matching (SGM)
algorithm [46] (see Fig. 5.1), that can be then re projected onto the light field camera pose.

The captured dataset consists of 24 sets of images of different scenes in laboratory conditions,
in a static environment (i.e., constant lighting conditions, non-moving objects). Each set includes

the following data of a single scene:

e Plenoptic image
e Plenoptic depth

e Natural image

As shown in Fig. 5.2, both plenoptic images show the microlens pattern that is projected over

the sensor, whereas natural images represent the reconstructed natural image obtained at the
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STEREO - LEFT STEREO - RIGHT DEPTH FROM SGM

Figure 5.1: Images obtained from the stereo system employed in this work. From a stereo pair of images (left and
center), SGM allows the obtention of the natural, semi-dense, metric depth map (right), projected onto the left
camera’s position.

central point of view of the camera — this is, the origin of its reference system. Both plenoptic
depth and natural images are obtained through the manufacturer’s reconstruction algorithms,

which are not publicly available.

5.2 Experimental Setup

For the camera system to be suitable for data acquisition, the three cameras (i.e., the stereo
pair and the plenoptic camera) need to have a representative percentage of co-visible areas of
the same scene for it to be useful as a benchmark. This problem needs to be addressed in two
complementary ways: First, through a setup that keeps the light field camera as close as possible
to the stereo pair (i.e., one camera of the system) while keeping a rigid alignment and relative
position during the whole capture, and also among different captures. It is also important that
the configuration of the setup enables enough parallax between the stereo cameras so that depth
can be correctly estimated. Second, it is highly important to do a proper choice of the set of
lenses to use in each of the devices, since it is a decisive design choice for optimization purposes,

as it produces the largest possible area of co-visibility for the three sensors (see Fig. 5.3).

In addition, the synchronization of the three devices for the scene capture is important since a
temporal difference of milliseconds can be decisive in terms of accuracy for some depth estimation
and image reconstruction algorithms. To ensure proper synchronization, a first approach is
carried out by using a software-based synchronization and control tool that has been developed
at DLR and integrated in the camera platform (see Section Hardware!). Then, a more fine-
grained synchronization is carried out by hardware. For that purpose, a synchronization cable is

specifically manufactured with the objective of triggering a signal between the light field camera

The code is not publicly available due to the safety policy of German Aerospace Center. Please, contact the
author of this report as well as their supervisors for further information.
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Figure 5.2: Images obtained after capturing a scene with R5 light field camera and RxLive software, both from
Raytrix [93]. Plenoptic images show the projection of the array of microlenses over the sensor of the camera,
whereas natural images are reconstructions of the natural images from the camera’s central point of view.

and the stereo system, where one of the sensors (the plenoptic camera) would act as a master,
and the others (the stereo system) would be slaves. In addition, the cable provides power
and a common ground wire in case Power over Ethernet (PoE) is not available. This second
synchronization option allows a significantly higher precision when carrying out the exposures,

which has a high impact in the robustness and quality of the dataset.

5.2.1 Hardware

To establish a robust experimental setup to facilitate the capture, the development of a me-
chanical setup is carried out. This sturdy framework made of construction profiles has to be
capable of maintaining the relative positions of all the integrated cameras within the system
(see Fig. 5.3) to minimize the need of repeated extrinsic geometric calibration of the system

components [105].

The cameras employed are two Mako G-419C cameras [113] and a Raytrix R5 plenoptic
camera [93]. The former device is a compact vision camera with a robust industrial cover at an
appealing cost. The latter is a compact light field camera with up to 1 MP effective resolution
and 4.2 Megarays light field resolution (i.e., the number of light rays that the sensor can capture).
In addition, it has automatic and manual exposure, white balance and gain controls. All the
cameras used have the same 12.7 mm CMOS CMV4000 image sensor at 4.2 MP resolution and

25 frames per second under the GigE vision standard.

5.2.2 Software

The whole software setup to configure, control and process the date of the aforementioned

systems is deployed using the Continuous Integration Software System (Cissy) software, which

25



Figure 5.3: Camera setup with the stereo system and the light field camera, joined in a rigid structure to ensure
the relative position during the whole capture time. It is important that the distance between the plenoptic
camera and the reference camera of the stereo system (i.e., left camera) is minimized through this design, always
taking the diameter of the lenses into account. In addition, the parallax between the stereo cameras has to be
large enough in order to have an accurate triangulation at the desired focus plane.

is a package manager that provides a combination of several software engineering tools for
smoothing the main development pipeline for software at the Robotics and Mechatronics Center
at DLR. Additionally, the Links and Nodes software for system deployment is used to configure
and launch the cameras, and to process their data, providing a clear overview of the running
modules (i.e., viewers, image processing, camera configuration and control) using SensorNet
during operation. In addition, it allows operating the hardware in order to capture the desired
scenes, managing and storing the images, as well as saving real-time information about the

devices being actively used.

Geometric camera calibration with DLR Calibration Detection Toolbox (DLR CalDe) and
DLR Calibration Laboratory (DLR CalLab) [108] is carried out. The former allows the localiza-
tion of corners of a chessboard 2D calibration panel with sub-pixel accuracy, whereas the latter
uses the previously detected image features to obtain both intrinsic and extrinsic parameters of

cameras, needed for further data processing (see Section 5.4).

Moreover, the software RxLive of the plenoptic camera manufacturer is used. It allows
capturing of the plenoptic image as well as different visualizations (natural image, depth map,
3D reconstruction, point cloud, etc.) of the scene according to the proprietary reconstruction
algorithms of Raytrix. In addition, metric stereo depth is reconstructed from the stereo pair

using the SGM algorithm [46]. Finally, we developed some scripts for the extrinsic calibration
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between cameras and to reproject images — either RGB or depth — into a different vantage point.

5.3 Scene Configuration

Setting up the capturing environment is a highly experimental and iterative process that has
proven to have a significant impact in posterior computations. As far as the training process is
concerned, it is a step that becomes crucial to allow the generation of a model with adequate
learned inference and generalization capabilities. A number of aspects are taken into account

for designing the captured scenes.

Shape and distance variability. The captured dataset encompasses variations in the
shape and distance of the objects among scenes. If mostly planar surfaces are captured, a model
would owverfit to their specific depths, and predict a very similar depth score in consecutive areas.
Therefore, the scenes have been designed introducing a variable number of objects, placed at
different distances and in positions that avoid remaining planar with respect to the camera frame

in most, or at least some, of the cases.

Texture. The use of objects with different textures would favor the generalization capabili-
ties of any model trained on the dataset since it would learn to extract different features during
the training process. Additionally, it is important to use different textures to enhance the ro-
bustness when combined with the stereo depth, which also has some limitations in specific kinds
of surfaces. Objects with different nature have been used in the scene configuration, namely
different rocks, foams, paper, carton, plastic, ceramics, or metals, all of them in objects with

different roughness, color, or even text.

Maximum and minimum focusing distances. The depth of field is a function of focal
length and aperture, as well as of the distance of the subject that is intended to appear focused.
As in this dataset the scenes are static and the main lens used is fixed, it is important to
define the range of distances that the plenoptic camera can cover in terms of focusing distance.
Therefore, the RxLive software is used to assist the measuring, since it is able to provide the
virtual distances that are possible to appear in focus in the scene (see Section 5.3 for further
details).

Camera position. Optimizing the placement of the system is crucial to maximize the
working area that is covered. To achieve this, it is positioned and oriented to exploit its entire
depth of field based on the optics employed (see Section 5.2). Additionally, and prior to dataset
capture, an experiment is conducted: A focal sweep across a scene is carried out, with items
placed at various distances with respect to the camera, allowing for the determination of upper
and lower limit working values. This method facilitates setting parameters up in the software to
capture depth values within the physical limits by placing the camera at the furthest distance

capable of being focused (100 cm), ensuring that depth information can still be effectively
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Figure 5.4: Left: Scene configuration scheme for the capture of the dataset. The camera is placed at a distance
of 100 cm with respect to the background. Objects are placed in the range of 10-90 cm — the focusing limits —
with respect to the camera center. Right: Picture of the top view of the laboratory setup.

obtained (see Fig. 5.4).

Up to date, as the dataset is taken in laboratory conditions, the illumination setting has
not been changed to avoid significant changes in exposure times or the appearance of noise.
However, this aspect should be explored in further steps of the process, since the versatility in

different lighting conditions is one of the main advantages of a camera system.

5.4 Image Pre-processing Module

After the capture (see Section 5.1), the images obtained need to be processed to generate a
dataset that is suitable for training a neural network. Hence, the development of the pre-
processing module has the purpose of treating both plenoptic and stereo images before their
input to the learning block of the pipeline of this project.

5.4.1 Plenoptic Images

The Image Processing Toolkit addresses the need for generating a dataset at the microlens scale
from the plenoptic images captured. It consists of a parametric model to calculate and index
the position of the projection of every microlens’ centroid onto the sensor. This parametrization
allows further operations such as disassembling an image into microlens cuts, or — the opposite

process — reconstructing images by assembling lenslet images.

Hexagonal Grid Storage

In traditional n-dimensional square grids, associating elements with their indices is straight-
forward. However, the microlenses in the plenoptic camera follow an hexagonal packing arrange-

ment [90] with an offset on even rows (see Fig. 5.5a), therefore vertically aligned, thus requiring
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Figure 5.5: Left: Example of the hexagonal arrangement present in the used light field camera, with a vertical
(i.e., column-wise) layout and offset in the even columns. Right: Resulting grid after merging two sub-grids, A
(red) and B (green), following the checkerboard pattern, which doubles coordinates in rows and columns. The
spots in black are the auxiliary cells that remain empty after such doubling. Note that coordinates are transposed
in this arrangement as a convention for array indexing.

a different coordinate system for storage and usage.

Various coordinate systems exist for representing hexagonal arrangements [34]. In this work,
the doubled coordinate system is chosen for its ease of implementation. This system, also known
as interlaced or checkerboard, doubles either the horizontal or vertical step size (see Fig. 5.5a).
While typically requiring an even number of columns and rows, the symmetric nature of the
microlens array with respect to the camera main axis (z) in this work implies an odd number

of columns and rows.

To accommodate this symmetry and for convenience in following steps, both horizontal and
vertical components are duplicated, producing a checkerboard arrangement stored in a grid.
This mesh represents a combination of two sub-grids A,,x, and B,x,, each containing every
other set of rows (m and p) and columns (n and ¢) from the microlens array. These sub-grids
are then merged into the aforementioned larger grid G ,,4p)x(n+q) following the checkerboard
pattern (see Fig. 5.5b). This approach facilitates indexing each pair of coordinates to a microlens

based on its relative position on the grid, enabling its usage in further processing steps.

Parametric Centroid Calculation

To obtain the coordinates (z,y) of the centroid of each of the microlenses in the camera
array, a parametric model is developed. This algorithm is designed to fit the grid based on seven
parameters that define the lenslet arrangement: Namely, the pixel coordinates of the first two

centroids agg, ap1 in the first row of grid A, and the first centroid of grid B; the horizontal (d,)
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and vertical (d,) distances between consecutive aligned microlenses; and the number of rows

(m, p) and columns (n, ¢) of both sub-grids.

The coordinates and grid shapes are obtained from a plenoptic image taken in laboratory
conditions, applying a white diffuse filter to the camera lens. The resulting white plenoptic
image can be easily used to identify the needed pixels due to the high resolution — 4 MP — of
the camera sensor. The distances are obtained from calibration (see Section 4.3). Additionally,
the skew angle o of the grid with respect to the camera reference can be provided as input if
obtained from calibration. However, the model automatically calculates it if the aforementioned

parameters are known.

With this information, the calculator generates both sub-grids with the coordinates of each
of the centroids, and then merges them into the checkerboard grid such that the plenoptic image

can be adequately stored and used in further steps.

Plenoptic Image Debayering

The original plenoptic image still contains the color information codified in 12 bits per pixel
element, following the arrangement of photosensors of the color camera chip (Bayer pattern).
A demosaicing algorithm is applied to transform — through bilinear interpolation — the GBRG
Bayer pattern of the plenoptic image into a full-color image where each pixel has RGB values

assigned.

Microlens Operations

The dataset generation implies the manipulation of the projections of microlenses in a plenop-
tic image to use them in the following steps of the pipeline. This is performed by two main

operations:

Cropping. The microlens images are cropped according to their size in pixels and the
previously calculated positions of each centroid in the array. The size of a microlens image
needs to be previously known (again, it can be easily obtained from the plenoptic image after
applying a white diffuse filter to the camera lens). For convenience, regarding their cropping,
storage and posterior manipulation, the performed cut has the shape of a square, with a side
length equal to the microlens diameter (in this case, 23 pixels). To avoid data-driven issues in
following steps, the lenslets that are partially projected onto the sensor and, therefore, do not
fully appear on the plenoptic image, are not considered in the computation. Thus, the borders

of the image are either ignored, deleted or not saved.

Stacking. Due to the particular hexagonal arrangement of the grid, a microlens is sur-
rounded by six additional lenses that follow the shape of a ring around the central one. This

way, consecutive concentric rings can be traced with respect to the same microlens. By stacking
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Figure 5.6: Processing of a plenoptic image to generate a dataset of flower stacks. Each stacked microlens is a
debayered 3-channel RGB image.

the obtained cropped micro images following the ring arrangement along the channels dimension
of the resulting tensor, a flower stack is generated and saved (see Fig. 5.6). This configuration
can be replicated with the desired number of rings to be stacked and it proves to be very useful

for the posterior learned feature extraction process (see Sec 6.2).

5.4.2 Plenoptic Depth

Additionally, the plenoptic depth information obtained through RxLive is processed since origi-
nally, due to the unavailability of the stereo system, it was used as an alternative way to obtain

ground-truth depth.

These images are also processed using the Image Processing Toolkit, but it involves an addi-
tional tool for previously decoding the plenoptic depth information obtained from the manufac-
turer’s software: Since it is unconventionally decoded in a 2-channel .tiff image format, the
usage of Matlab becomes fundamental for an adequate reading of the values. In addition, the
developed software needs to perform the transformation from virtual to metric depth making
use of the thin lens camera model and the pinhole camera equations [107]. Moreover, the code
provides plotting tools to visualize the transformed depth information in an overlying continuous
color map over the plenoptic image (see Fig. 5.7). Finally, it is possible to store the obtained

metric depth values for its posterior usage.

5.4.3 Depth from Stereo

The ground-truth depth used in this project is obtained through the stereo system, as it turned
out to be more precise that the one obtained through the light field camera. This is due to the fact
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Figure 5.7: Obtained maps showing metric plenoptic depths (colored) over their respective plenoptic image.

that the baseline in the stereo vision system is significantly larger than among the microlenses
inside the light field camera. Additionally, the manufacturer’s method for obtaining depth
remains unknown. This lack of transparency makes it impossible to assess the uncertainties in

their algorithm which is crucial for obtaining an accurate dataset.

The majority of the stereo processing pipeline (see Fig.5.8) is carried out by executing the
aforementioned stereo processing packages fed by the image transport system SensorNet, con-

figured with Links and Nodes, and managed by Cissy, as follows:

1. During capture, the images are debayered online and they are saved uncompressed in
Portable Pizel Map (.ppm) format.

2. Each pair of images is rectified according to the previously performed geometric calibration
with DLR CalDe and DLR CalLab [108]. The rectification parameters are stored for further
steps.

3. The SGM stereo processing algorithm is executed for each pair of rectified stereo im-
ages, generating a disparity image (.pfm, float32) and its corresponding uncertainty

map(.pgm, monol6) in the pose of the left camera.

4. The left rectified RGB image is re-projected onto the goal pose, which corresponds to the
light field camera. The algorithm uses the computed disparities, the calibration files of both
cameras with the poses needed for extrinsic calibration, and the rectification parameters

with the intrinsic calibration and the baseline of the rectified stereo images.

5. As a result of the reprojection, both a color and a metric depth image are synthesized at

the goal camera pose for each pair of rectified images.

The generated images have the appearance of natural images, although discontinuities can
be noticed. This is caused by the framed scene, since the SGM algorithm might not be able to

compute depth at every single pixel of an image. In addition, it is noticeable that there is a lack
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of RGB and depth values in a specific area of the generated image: The differences in the areas
framed by each system imply that only the co-visible area of the scene in both left stereo and

light field cameras show generated image values.

Moreover, great noise can be observed in those areas from the obtained stereo depth where
SGM is not robust (e.g., in planar diffuse surfaces such as the background or the floor). To
reduce the ratio of outliers produced by noisy measurements, a texture filter is applied to the
stereo depth. The texture filter applies a kernel of 10x 10 pixels to locally compute the sum of

gradients in the image, and then apply a threshold to remove textureless regions.

Still, after re-projection, the differences between a plenoptic and a natural projection do not
make possible the direct translation of the depth values, but only those in the coordinates of the
centroid at each microlens. In this case, the Image Processing Toolkit is used to take the metric
depth values from the synthesized stereo depth at the centroids’ coordinates (see Fig.5.8). To
avoid the lack of information caused by the aforementioned discontinuities, a median filter is

used. The obtained depths are stored for further stages in the general pipeline of the project.
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Figure 5.8: Processing pipeline and visual results to obtain suitable ground-truth depth values from stereo images.
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6. Single-View Depth from Plenoptic Cameras

This chapter tackles the inference of depth from monocular light field cameras. Making use of the
data and resources currently available, this project develops a modular pipeline to address this
(Section 6.1). The high level of adaptability of the process makes it easily adjustable to similar
problems that involve different elements from the ones used in this work (i.e., camera systems,
optics, scenarios, or environment conditions among others), making it a versatile approach. This
chapter explains the different modules that are used in the pipeline and address different parts of
the problem after the generation of a dataset (Section 6.2). Last, details about implementation

are provided (Section 6.3).

6.1 Overview

In this work, a complete pipeline is created with the objective of obtaining a dense representation

that contains depth information inferred from a single raw light field image.

At an early stage of this project, an attempt of end-to-end learning-based approach was
proposed. However, the difficulties encountered in the hardware (e.g., network switching, data
transfer, online storage, synchronization, system mobility, capturing parameters, etc.) made it
difficult to take a sufficient number of sequences that allowed to train a deep neural network

using plenoptic images as input, and stereo depth as ground-truth data.

Nevertheless, the characteristic optical configuration of the camera can be exploited to gen-
erate an alternative set of data: A raw plenoptic image represents the projection of the scene
captured through the array of microlenses placed in front of the camera sensor. This unique
arrangement can be conceived as a multi-view stereo system at the microlens scale, with par-
tial information of the scene gathered by each of these lenslets, thus allowing the extraction of
depth information. This principle serves as inspiration for first generating a model that allows
obtaining depth values for each projection of a microlens onto the sensor, to then perform the

reconstruction of the scene by gathering the microlens information back [104].

The proposed alternative end-to-end pipeline consists of a succession of several computation
steps that, in their combination, allow generating a continuous metric depth representation from
captured light field data (see Fig. 6.1). This approach takes the aforementioned limitations into
account and tackles them by concatenating modules for image processing, learning-based single-
view depth estimation at the microlens scale, and a further densification and refinement of
the resulting depth map. In this way, valid geometric model knowledge is introduced into the

pipeline.
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Figure 6.1: Overview of the pipeline for single-view depth estimation from light field images. Captured data needs
to be pre-processed by the Image Processing Toolkit (red) to train the Microlens Depth Network (orange) for
estimating sparse metric depth values that are then used to refine the estimates from Depth Anything (orange).
The result (purple) is a dense metric depth map in which darker colors represent objects closer to the camera,
and lighter colors refer to elements placed further away. Filtered stereo depth (gray) is used as ground truth after
both densification and scale alignment.

6.2 Depth Inference from Plenoptic Images

This section focuses on the development of a learning-based method able to infer metric depth

information from a raw light field image provided as input.

6.2.1 Microlens Depth Network

An encoder-decoder architecture is developed to learn depth from light field (see Fig. 6.2). The
input to the model is the aforementioned flower stack, which contains the RGB image crops
of microlenses obtained from the plenoptic image (see Chapter 5). Flower stacks are provided
to the encoder in the form of 4D tensors X; = (N, C, H, W) of batch size N, C' channels, and
H x W height and width of each microlens projection.

The proposed convolutional model infers a metric depth value for each stack of microlenses.
Each output corresponds to a value prediction at the centroid’s position of the main microlens

(i.e., the central one) of each referred stack.
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Figure 6.2: Architecture of the proposed encoder-decoder model based on convolutions, with MLP bottleneck, to
predict depth from RGB flower stacks. Data shapes at each layer are specified

Convolutional Units

In this project, the network is formed by groups of layers that involve 2D-convolution opera-
tions, followed by batch normalization, which collects values over all spatial locations to compute
the mean and variance and normalize the obtained value at each spatial location, and by an
activation function that introduces non-linearities into the network, allowing it to learn complex

correlations among data.

In the convolutional encoder, the network learns to extract features and then encode the
correlations existing among the entire stack of micro images, depending on the relative position
of each microlens. This method leverages the ability of CNNs to detect patterns and relationships
within the data. By processing a central micro image together with its surrounding images, the
network can learn to understand the spatial relationships for the features, and therefore interpret

depth cues that are present in the scene.

Even if this setup introduces some redundancy in the information provided to the network,
it can be beneficial as it enhances the network’s robustness to occlusions. When certain areas
are occluded in some views, the network can still infer depth information from the unoccluded
views, therefore reducing the impact of occlusions. Therefore, by capturing and analyzing these
redundant correlations among microlenses, the CNN could improve its performance in depth

estimation even at the low resolution of the microlenses.
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Figure 6.3: Reconstruction of the predicted depth values at the centroid of each microlens. The obtained result
is a sparse depth map that shows the non-zero inferred values.

Depth Reconstruction

With the aforementioned estimations, a depth map related to the central sub-aperture image
can be synthesized. This representation is equivalent to the natural image of the scene from the
camera’s central point of view, although at a low resolution, since only the predicted value at
the centroid of each microlens is taken into consideration. Since the number of microlenses is

smaller than the resolution of the sensor, the image obtained has a lower definition.

In particular, the camera used provides an array of 8,837 microlenses. Since the position of
the centroids has been previously recorded onto a double coordinate grid system (see Section 5.4),
it can be again used to generate the mentioned sparse depth map. This representation allows
fitting the discrete values obtained to the desired output resolution. In this case, it is adjusted

to the size of the synthesized natural image, with 1024 x 1024 pixels.

6.2.2 Scale Alignment with Plenoptic Sparse Depth

As seen in previous sections, the inferred depth is not dense, leading to a loss of information
compared to a dense depth map of the scene. To address this issue, an additional module is intro-
duced to densify the predictions while maintaining metric depth values. This module integrates
a foundation model that generates a continuous, up-to-scale disparity map from monocular

images.

To convert these disparity values into metric depth values, a robust regression method is
employed. This method allows for the determination of a scale and offset that transform the
dense estimation into the desired metric magnitude, therefore generating a more complete and

accurate representation of the scene.
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Depth Anything

Since there is not enough data to train a network that predicts dense depth from monocular
images, a pretrained model is used. The chosen model must perform well with the kind of scenes
that have been taken as part of the dataset. In this work, Depth Anything [121] is used to obtain

disparity estimations from images captured through a monocular camera.

Depth Anything is a foundation model for high-quality monocular disparity estimation that
is based on the DPT architecture, which leverages the Vision Transformer (ViT) as backbone
for dense prediction tasks [92]. As a key aspect, this foundation model uses 1.5M labeled images
from six public datasets to initially train a teacher model that assigns pseudo labels to nearly
62 million unlabeled images that have been collected from eight large-scale publicly available
datasets through a data engine. This allows a student model to learn from the combination
of both labeled and pseudo-labeled sets, which provide a wide variety of scenes and lighting
conditions. Distinctively, the increased data coverage reduces the generalization error, which

results in a good performance across a wide range of tasks and data types.

The model takes monocular images as input and provides disparity maps as output. The
latter represent the information in a relative, up-to-scale manner. However, this result does not
resolve the well-known scale issue of depth from monocular images. This is where the inferred

metric information from the encoder-decoder CNN becomes crucial.

Robust Regression

To accurately align the scales between the dense depth predictions generated by Depth
Anything and the ground-truth sparse depth values predicted by the Microlens Depth Network,

we employ a robust regression approach.

In traditional regression methods such as ordinary least squares (OLS), the presence of
outliers can excessively influence the model, leading to biased estimations. Robust regression
techniques, however, alleviate this issue by reducing the influence of outliers and deviations from

model assumptions, thus providing more reliable estimations in the presence of anomalies.

First, it is necessary to select the corresponding values available in both sets. To achieve
this, the values from the dense prediction map are extracted at the coordinates where there is
sparse depth information. This step isolates the relevant data points to be used for alignment.
Additionally, we convert the sparse depth values into disparities. This transformation is crucial
because the Depth Anything model operates in disparities, and aligning in disparities rather than
depths helps to avoid propagating errors through the scaling process, making this approach more
consistent. In addition, disparities are related to depth by the focal length and the baseline,

which means that a linear transformation is now possible.
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The Theil-Sen estimator [99] is used to perform the robust regression. This non-parametric
technique is particularly robust to outliers, making it well-suited for applications where data
might contain noise and anomalies. The Theil-Sen estimator fits a linear model by computing
the median value m of the slopes of all lines through pairs of points, (z;,y;) and (x;,y;), in the
dataset. To avoid indefinite slopes, the cases in which pairs of points share the same x values

are skipped:

m = median {w | x; # xj} . (6.1)

Once the Theil-Sen slope m is calculated, an intercept term b; is calculated for each point:

bi =Y, —mx; . (62)

Then, the median value b of the intercept terms is taken:

b = median{b;} . (6.3)

Thus, the linear model is represented as:

y=mx+0b . (6.4)

This robust regression method ensures that outliers have minimal impact on the regressed
line, resulting in a more accurate representation of the underlying relationship between variables,

even when the data includes outliers or errors.

With this approach, the scale and offset are determined and applied to the dense predictions
to obtain the appropriate scale. The refined predictions are then evaluated with respect to the

previous ones through their conversion into the depth space.

6.3 Implementation Details

This section outlines the implementation details regarding the proposed depth estimation model,
which uses an encoder-decoder backbone with a robust regression approach for scale alignment.
The key components of the architecture, the training, and the evaluation processes are described

below.
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6.3.1 Architecture

The proposed model features an encoder-decoder architecture designed for depth estimation

from flower stacks (see Fig. 6.2).

Encoder. Tt consists of five convolutional layers, each composed of a 2D-convolution opera-
tion, batch normalization, and a Rectified Linear Unit (ReLLU) activation function. The encoder
processes 4D tensors of shape X; = (N,C, H, W) as input, where the batch size is N = 128.
The flower stacks are of size 23 x 23 pixels with seven RGB images each, resulting in C' = 21

channels.

Bottleneck. After encoding the input, the information is passed to the bottleneck block,
which consists of a multilayer perceptron (MLP). A flatten layer first converts the input tensor
to 1D. Then, three hidden fully connected layers follow, each comprising a linear transformation
and a ReLU activation function. These layers contain the compressed knowledge representations
of the network. Finally, an output layer is added. Due to the lower-dimensional representation of
the input data, the bottleneck can effectively capture and learn abstract feature representations.
Therefore, using a MLP in the bottleneck can be convenient for capturing these high-level

features, including finding correspondences and measuring disparities.

Decoder. The encoded representation from the bottleneck is then fed into the decoder, which
reconstructs the compressed data back into the desired form — in this case, depth estimations —
through five transposed convolution layers. These layers are symmetrical to the convolutional
layers in the encoder and each includes a transposed convolution operation, batch normalization
and a ReLU activation function. The only layer in the decoder that differs from its counterpart
in the encoder is the last one, since it has been adapted to generate a single channel estimation

corresponding to depth values.

6.3.2 Loss Function

With the main goal of the proposed network being to optimize itself (i.e., learn) to perform
accurate depth estimates, the loss function plays a key role in the network’s learning process.
The loss function quantifies the difference between the network’s predictions and the ground-
truth data, computing residuals that indicate how much the predictions differ from the actual
values. During training, the network performs a self-optimization by adjusting its weights to
minimize the loss. This adjustment is achieved through backpropagation, where the gradients of
the loss with respect to the network parameters are calculated and used to update these weights
in a way that reduces the loss. This iterative process helps the network to progressively improve

its performance, thus its ability to make more accurate predictions.
In this work, the loss function is calculated by computing the mean squared error (MSE),
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which measures the pixel-wise error between the predicted values § and the ground-truth values
y. However, this function is modified to avoid the backpropagation of non-measured ground-
truth data. Some coordinates of the ground-truth depth have no measurements and these values
are coded as zero (e.g., in areas where stereo matching couldn’t find valid correspondences). To

handle this, a mask M is applied to exclude these non-measured values from the loss calculation:

1 n
MSE = —7—— > Mi(ii — i)’ (6.5)
Qi Mi ;

where M; is a binary mask indicating whether the ground-truth value at pixel ¢ is measured
(1) or not (0). This ensures that only the measured ground-truth values contribute to the loss,

improving the accuracy of the backpropagation process.

6.3.3 Training Details

The dataset used for training the model has been taken at DLR as a part of this work, as
described in Chapter 5. It consists of 59 images of 8,837 microlenses each, resulting in 8,465
single-ringed flower stacks' of 7 RGB crops each, with a resolution of 21 x 21 pixels. The
corresponding depth values are encoded with 16-bits per pixel. Since redundant microlenses may
appear in different samples of stacks from one image, the train and test splits are done image-
wise. Therefore, 49 images are selected as training data, while 10 images are held out for testing.
This turns out to be a proportion of 83-17 % — close to an 80-20 % split, for convenience of
having different types of scenes captured in both sets to maximize the generalization capabilities

of the network, as well as to try the maximum variability of settings available during testing.

For training the model, the aforementioned samples are randomly gathered in batches of
128 stacks. The training process is carried out on a computing GPU cluster, providing various
hardware configurations for this task. Specifically, the training has been conducted on a node
with a Quadro FV100 Volta GPU with 32 GB of VRAM for 10.26 hours.

The training consisted of 125 epochs out of a default of 500 iterations. Early stopping was
applied with a patience of 20 epochs for the validation loss using an callback based on the
EarlyStopping class from the library PyTorch Ignite [25]. The learning rate was set to 0.001,
and the Adam optimizer was utilized for optimization since it helps adjusting the learning rates
for each parameter dynamically, promoting faster convergence and preventing oscillations during

training [64].

!The generation of flower stacks is only carried out if all microlenses are within the image boundaries. Other-
wise, the stack is discarded.
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Table 6.1: Number of non-zero depth values per image, obtained from the Microlens Depth Network.

Image ID 0 1 2 3 4 5 6 7 8 9
# sparse values | 1,900 | 1,700 | 2,983 | 1,805 | 1,627 | 614 | 918 | 1,905 | 2,088 | 1,781

6.3.4 Integration of Scale Alignment

To achieve dense depth inference using Depth Anything, 1024 x 1024 pixel RGB natural images
are obtained from the camera manufacturer. For this step, a proprietary function [32] is utilized
to generate a natural image from the light field camera’s perspective, leveraging a model-based
depth algorithm that is not open-source?.

With the natural images, Depth Anything infers a continuous 518 x 518 pixel disparity
map, which is then refined using the Theil-Sen method to robustly regress the scale and offset
of the predicted disparities. For this process, predicted disparities from the foundation model
that correspond to ground-truth depth values provided by the neural network are selected (see
Table 6.1). Additionally, low disparity values are clipped to avoid extremely large depth values.
Consequently, after clipping, 11,002 depth values from 10 images are used for alignment out
of 17,321 sparse data points. The process was carried out using the same hardware mentioned

above, with a mean execution time of 1.78 seconds per image.

2This step could be bypassed using additional hardware, which is discussed in Chapter 7. For convenience and
due to the available resources at the moment of data capture, this alternative was not pursued as it was outside
the primary focus of the thesis.
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7. Evaluation

This chapter presents the results obtained from the implementation of the whole pipeline, using
the captured data: It focuses on the metrics used to assess the model’s performance; then,
the results of the evaluation are presented; and finally, a study of additional experiments is

conducted to analyze the contribution of different components of the model.

7.1 Metrics

To assess the performance of the proposed depth estimation model and refinement system, a
number of commonly used metrics for monocular depth estimation are employed [22, 48, 42].
These metrics allow capturing different error characteristics, such as average errors (MSE,
RMSE), relative errors (MARE, MSRE), and threshold-based accuracy metrics (Accuracy,
BPR). The set of metrics chosen ensures that the model’s performance is evaluated in detail

from multiple perspectives.

To maintain consistency during the evaluation of different modules of the pipeline, a transfor-
mation is necessary after scale alignment. Depth Anything provides disparity values as output,
and the regression is performed in this magnitude. However, for a more understandable compar-
ison and to align with the previously obtained metrics related to the Microlens Depth Network,
these disparities d are converted to metric depths Z using the intrinsic camera parameters ob-

tained from metric calibration:

Z ==L (7.1)

where f is the focal length and b represents the baseline.

Mean Squared Error (MSE). It is a standard metric that measures the average squared
difference between the predicted g; and the ground-truth depth values y;. It is sensitive to large
errors due to the squaring term, which makes it useful for penalizing significant deviations. In
addition, if the error differences are Gaussian distributed, the minimization of this metric delivers
zero bias, smallest variance, and consequently an optimal estimation of the model (maximum
likelihood method).

n

MSE= > (- u) (7.2)

=1

44



Root Mean Squared Error (RMSE). It measures the average difference between the
model’s predicted and actual values. It is the square root of the MSE, providing an error

metric in the same units as the target variable (i.e., centimeters).

Mean Absolute Relative Error (MARE). It is calculated as the average of the absolute
differences between predicted and true values, with respect to the latter. It provides insights of
the average relative error, making it useful for understanding the proportion of error regardless

of the actual depth values.

1= |9 — v
MARE =~ Y~ 19 =il (7.4)
Mo Y

Mean Squared Relative Error (MSRE). It shares some similarity with MARE, but it
squares the relative differences. This puts a stress into larger relative errors, thus highlighting

their impact, which makes this metric specially interesting for obtaining precision in estimations.
I A

MSRE = — == : 7.5

2 (%) o)

Accuracy. It measures the proportion of predicted depth values that are within a certain
threshold § of the ground-truth values:

Accuracy = %Z 1 <max <yi, %) < 5) , (7.6)

i—1 Yi Yi

where 1(-) is an indicator function that returns a value depending on whether the condition is
true (1) or false (0). This metric is useful for evaluating how well the predicted depths match
the actual values with a set margin. It is often computed for different thresholds to obtain a
detailed view on the behaviour and performance of the model. In this work, thresholds are set
to common values in the literature (i.e., § = 1.25, §% = 1.252 and §° = 1.25%).

Bad Pixel Ratio (BPR). It is a measurement of the proportion of pixels for which the

absolute error exceeds a certain threshold 7. It is defined as:
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where 1(-) is an indicator function. This metric allows measuring the amount of significant
prediction errors.
Table 7.1: Comparison of the proposed method (third and fifth rows) with additional baselines: A random

generator (first), the manufacturer’s depth calculation algorithm (second), and Depth Anything (fourth). Both
sparse and dense modules developed in this thesis outperform the other baselines.

MSE | | RMSE | | MARE | | MSRE | ??Cura‘;é’ T(J - 153‘?) BPR |
Random Depth | 1551.39 39.27 1403.74 23.45 - - - -
Raytrix Depth | 136.47 | 10.94 65.43 270 | 88.62 | 93.04 | 95.43 | 0.3043
Ours Sparse 124.68 | 5.55 52.75 2.63 | 84.83 | 88.40 | 91.25 | 0.3949
Depth Anything | 129.44 | 10.96 40.90 5.24 18.30 | 38.70 | 65.00 | 0.8623
Ours Dense 83.21 | 8.50 37.30 3.04 | 46.40 | 74.60 | 90.00 | 0.4233

7.2 Comparison against Baselines

The inference of sparse depth values took 10.54 minutes for a test set of 84,650 flower stacks,
which corresponds to approximately 20% of the dataset (i.e., 10 images). The test images com-
prise different kinds of scenes designed with elements at various distances, in order to evaluate
the network’s ability to capture depth information across diverse scenes. Table 7.1 provides the

quantitative results for the metrics explained in Section 7.1.

To address the lack of related works for comparison, and with the objective of validating
the effectiveness of the developed methodology, a baseline model was first implemented. This
approach involves the random generation of depth values as supervision, serving as an initial
benchmark. The results are shown in the first row. Observe how the rest of the rows show
significantly better results, showing the feasibility of learning metric depth with the baselines

and our methods.

The second row displays the results obtained from using different sources of ground-truth
depth in the Microlens Depth Network. The proposed method was also trained using ground-
truth depth provided by the light field camera manufacturer. This comparison primarily involves
differences in data treatment, including pre-processing of data, masking residuals for calculating
the loss function, and slight modifications to the convolutional kernels in the decoding process.
As observed in the third row, using stereo depth as ground truth improves the estimates of the
proposed network, achieving a RMSE of 5 cm, which is considered a small value relative to the

scale of scenes in the dataset, which is around 100 cm.
The fourth row presents results obtained from Depth Anything, which proves to be sensitive

46



to the unobservability of the scale. However, as shown in the fifth row, these metrics improve
when our scale alignment is applied to the dense outcome of Depth Anything, using metric depth

results from the Microlens Depth Network.

Both our sparse and dense solutions improve the results, compared to other baselines. As
a consequence of the densification of predictions, a decline in metrics is noted in the latter two
methods compared to the previously explained rows. Still, the developed method outperforms

previous baselines and overcomes their limitations by providing a dense metric estimation.

Fig. 7.1 shows qualitatively the estimates obtained by the Microlens Depth Network, plotting
the reconstruction of predicted sparse depth values. A threshold-based filter was applied to
remove low depth value estimations, which are more abundant in the background, to in this way
prevent error propagation in the densification module. Qualitative results of the scale alignment

are shown in Fig. 7.2.

7.3 Further Analysis

In the previous section, the proposed model has been validated with respect to other base-
lines. For its development, several alternative or intermediate approaches have been explored
to evaluate their performance and refine the final methodology. This section documents these
approaches, highlighting their importance in the model development process. It is important to
note that this section is not a strict ablation study but rather a narrative of the steps that have
been taken alongside the process. The detailed results obtained from these models, as well as a
discussion on the followed design criteria are explained below. Quantitative results are seen in
Table 7.2.

Modifications in input data. Various input formats were explored alongside providing a
flower stack as input to the network. The objective was to observe the network’s behavior and
its capability to extract features from differently treated data. Initially, single micro images
were provided as input, leading to the exploration of three different architectures: Namely, uti-
lizing a pre-trained model as an encoder (i.e., ResNet34 backbone without classification layers),
the nominal encoder-decoder architecture, and a modified architecture with skip connections.
Finally, double-ringed flower stacks were used in a similar network to the proposed one in order
to determine if the architecture could effectively exploit the multi-view system with additional

information.

The usage of a single micro image as input instead of a flower stack produces worse predic-
tions, since the network is unable to learn relationships among different contiguous microlenses.
In addition, three different architecture settings were tried with single images: Using a pre-
trained model as an encoder does not seem to work well with these kind of images, since the

features learned by the pre-trained model on natural images may not effectively transfer to the
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Figure 7.1: Comparison of results obtained from the Microlens Depth Network (right) with respect to the ground-
truth depth (center). After the reconstruction of the predicted sparse values on the coordinates of the microlens’
centroid, low depth value estimations presented mainly in background surfaces are filtered to avoid the propagation
of errors in subsequent modules of the pipeline. It can be observed that the depth values predicted by the developed
model closely resemble the ground truth.
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Figure 7.2: Obtained results after scale alignment. From left to right, the natural image of a scene (first) allows
Depth Anything to perform a dense — although up-to-scale — prediction (third). The scale alignment using metric

values generates a dense metric depth map (fourth) of the scene. The color scale shows the improvement in the
depth map after rectification through scale alignment, compared to the ground truth (second).
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Table 7.2: Error metrics for additional methods explored. The first and fourth rows present the refined methods.
Each of these methods is then compared quantitatively to two other approaches. Both proposals outperform the
alternative experiments carried out.

MSE | | RMSE | | MARE | | MSRE | *“;C;“racgg (T5 = 153? BPR |
Ours Sparse 124.68 | 5.55 52.75 2.63 | 84.83 | 88.40 | 91.25 | 0.3949
Multihead Net | 250.18 9.45 104.57 5.13 81.02 | 89.74 | 93.03 | 0.6872
Weighted Mask | 171.57 | 12.30 80.82 3.64 | 83.43 | 88.32 | 93.01 | 0.3802
Ours Dense 83.21 8.50 37.30 3.94 | 46.40 | 74.60 | 90.00 | 0.4233
Huber 110.40 9.92 41.30 2.96 | 38.00 | 73.10 | 83.60 | 0.4758
SGD-Huber 110.75 9.94 27.60 3.12 43.40 | 73.60 | 87.90 | 0.4631

microlens data. In addition, implementing skip connections in the model can help to recover
information in the reconstruction of the signal. However, while skip connections ease the flow of
information and improve feature reuse, they do not fully compensate for the lack of multi-view

context provided by the flower stack, resulting in non optimal depth estimations.

Moreover, the main optics utilized in the light field camera determine the maximum number
of contiguous microlenses that contain co-visible features. In this work, the number amounts
to two rings around a central microlens for the shorter measurable distances. An experiment
is also carried out by feeding double-ringed flower stacks into the encoder-decoder architecture.
However, its integration into the pipeline does not significantly contribute to the model’s perfor-
mance, while it expands its training and inference phases by five times. In addition, the storage
of 19 microlenses per stack generates files with larger volumes, making it less efficient in terms of
speed and storage space management (i.e., the dataset occupies more space, and there are many
redundancies since one microlens appear in several stacks). Therefore, after trying different

configurations, the single-ringed flower stack is chosen as input for the following models.

Modifications in the network’s architecture. After setting the flower stack as the input format,
and in order to explore the network’s performance, different architecture designs have been
explored. First, a fully-convolutional approach was proposed, involving an encoder-decoder
backbone consisting of seven parallel encoders (see Fig. 7.3). Each unit processes a different
microlens from the provided flower stack. Then, their outputs are aggregated into a vector in
the latent space through concatenation. A convolution is applied in the bottleneck, which is
then followed by a decodification into depth values. However, as shown in the first and second
rows of Table 7.2, a single encoder seems to work better, since it allows the network to capture
relatively more global context and relationships among the micro images of a flower stack, thus

leading to an improvement of depth estimation accuracy.

Second, after the integration of fully connected layers in the bottleneck, and with the purpose
of studying the network’s ability to capture non-local information, the convolutional decoder is
removed from the architecture. The purpose of this experiment is to evaluate whether a refined

MLP could encode the complex relationships that were previously handled by the decoder.
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Figure 7.3: Nominal encoder-decoder architecture with seven encoding heads.

The substitution of the convolutional bottleneck by a fully-connected network seems to have
a positive impact on the network’s prediction capabilities. Introducing a MLP between the
encoding and decoding modules aims to learn complex relationships that may be more general
and not easily captured by convolutions, which are better in capturing local patterns. However,
removing the decoder does not prove to be sufficient for the network to learn to codify the
complex relationships that are demanded by the task. Therefore, a decoder is still necessary to

reconstruct a signal similar to the one provided as an input.

Usage of different ground-truth data. The usage of ground-truth data from different sources
is motivated by limitations in the availability of the hardware. Initially, ground-truth depth
was obtained from the software provided by the light field camera manufacturer. However, this
data is provided in virtual depths, requiring additional pre-processing steps and mathematical
assumptions that lead to greater inaccuracies (see details in Section 5.4.2). Additionally, the
geometric model used for depth estimation is closed-source, and errors in metric magnitude

remained unknown.

This situation was turned into an opportunity to compare the differences between using depth
data from a stereo system and from the manufacturer’s software (see Table 7.1). The results
when using stereo vision are better compared to the light field camera’s virtual depths. This
improvement could be caused by a superior performance of the semi-global matching (SGM)
algorithm and the known error metrics associated with the stereo system. This may be related
to the accurate geometric calibration of the stereo camera, allowing the generation of values

in metric depth units, whereas the light field camera calibration delivered by the manufacturer
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delivers unstable, inaccurate model parameters [70].

Modification of the loss function. The loss function was also tested without masking out 0
values during backpropagation. Depending on the format of the ground-truth data provided,
the mask was either a single value or, as in the third row of Table 7.2, a circular mask that
weighted the inside of the lenslet with respect to its outside in the crop. Additionally, the mean

absolute error (MAE) was utilized as an alternative loss function.

It has been proven that using a loss function where void depth values are masked out results
in better model predictions, as this approach prevents the backpropagation of those residuals.
A variety of weighting schemes have been tested, and the most effective configuration has been
found to be a binary mask when supervising with single depth values from the stereo system,
or a custom weighted function when performing inference by reconstructing depths over the
whole microlens (i.e., zero/void values are weighted less, and non-zero values are weighted more
heavily). The implementation of this setting enables an optimal balance of the loss contributions

from different parts of the data, which becomes reflected on the model performance.

Integration of Test-Time Refinement (TTR) in the pipeline. Inspired by the work of Izquierdo
and Civera (2023) [53], the dense map estimation is developed by introducing their proposed
method into the current pipeline. Their approach, which is compatible with any single-view
depth network, has been adapted to integrate Depth Anything. The sparse point clouds orig-
inally obtained from SfM in the authors’ method are replaced in this work by sparse depth
values and coordinates obtained from the neural model. These values serve as a test-time
self-supervisory signal: An alignment of the sparse data with the network’s depth estimates is
performed using random sample consensus (RANSAC) [24], with the objective of refining the

network encoder and produce more accurate depth estimations.

Other Robust Regression Methods. In addition to RANSAC and Theil-Sen Regressions for
scale alignment, other robust regression methods have been tested to evaluate their performance
with the same data distribution. Specifically, two methods robust to outliers have been studied
(see Table 7.2): the Huber Regressor and the Stochastic Gradient Descent (SGD) with a Huber
loss function. The Huber Regressor optimizes the squared loss for inliers (i.e., samples below
a threshold) and the absolute loss for outliers (i.e., samples above the threshold), while also
optimizing the model’s parameters, including the intercept and the scale. On the other hand,
the SGD Regressor is a classical linear model fitted by minimizing a regularized empirical loss.
It estimates the gradient of the loss one sample at a time and updates the model iteratively
with a decreasing learning rate. The regularizer acts as a penalty added to the loss function to
shrink the model coefficients towards zero. In this case, the L2 norm is used, adding a penalty

equal to the sum of the squared coefficients.
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Figure 7.4: Analysis of the existing correlation between two sets of data: The obtained sparse disparity values
(target) and the predictions by Depth Anything. The visualization provides auxiliary justification of the poor
performance of the depth alignment method in this group of data, since significant amounts of noise can be

observed.
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7.3.1 Discussion on the Densification Module

The usage of SfM-TTR! has proven not to be the best alternative in this case, since the refine-
ment does not provide an improvement to the predicted dense estimations. A further analysis
has been carried out in order to understand the unsuccessful results obtained after the depth
alignment. For that purpose, a study of the provided sparse depth information has been carried

out.

Fig. 7.4 shows a scatter plot with sparse depth values and corresponding predicted values
by Depth Anything in the same coordinates. This visualization shows that there is no linear
correlation between both sets of data, as expected. In order to further understand the behavior
of the obtained data, this same visualization is performed in the disparity domain, again proving
no linear correlation. As a second step in the data exploration process, a detailed visualization
of the sparse depths confirms that the values obtained exhibit a significant amount of noise,

even if a texture filter is applied to them (see Fig. 7.5).

These conclusions lead to conduct further experiments on the ground truth used for training
the network. Fig. 7.5 clarifies that, when plotting the correlations between stereo depth and the
corresponding predicted values, even if a clearer linearity can be observed, there is an abundant
amount of noise that is introduced in the training and evaluation process of the proposed neural

network.

The reason behind this could be caused by the high amount of textureless regions — specially
challenging for SGM — that are found in the pictures of the dataset: Even if the captured images
are real-world, the environment is still limited to laboratory conditions. This lack of textures
supposes a challenge because it generates highly empty regions in the image, and a notable
amount of noise caused by wrong measurements. Texture filters have been applied to the sparse
depth predictions to obtain denoised ground truth, but still the computation of RANSAC for

the depth alignment generates a very biased and noisy prediction.

As an alternative, robust-to-outliers regression methods are tested. As seen in Table 7.2,
Theil-Sen method outperforms the other proposals, therefore obtaining an improvement with

respect to the initial estimation.

Even if it seems that the last step of the pipeline produces deterioration of the metrics
with respect to the values obtained from the Microlens Depth Network, this result is still inside
the expected behavior of the whole pipeline: The densification process generates values for the
whole image, which could significantly influence metrics. Then, obtained results experience an

improvement after the refinement.

1Some pretrained built-in models were also tested, but they yielded less satisfactory results. These models,
trained on smaller or more specific datasets (e.g., KITTI, which focuses on road scenes), did not generalize as well
to different environments and conditions. Therefore, Depth Anything was chosen for its robustness and broad
applicability.
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Figure 7.5: Visualization of the ground-truth disparity map before (left) and after (center) applying a texture
filter to eliminate the existing noise. The large noise rate makes the filtering still not sufficient to obtain a refined
sparse set of values, as it can be observed in the plotted correlation between the filtered ground-truth disparity

and the prediction of Depth Anything (right).
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8. Conclusions

This chapter summarizes the work carried out, highlighting the key contributions and noting

the limitations encountered. Additionally, it outlines potential directions for future research.

8.1 Summary

This master thesis has involved a comprehensive study of the state of the art in light field
imaging, with a special focus on the single-view depth estimation problem. A learning-based
method has been proposed to address this challenge, specifically adapted to plenoptic cameras
2.0. These cameras leverage their internal configuration of microlenses in an array setting to
obtain depth cues, which are learned by a convolutional neural network with an encoder-decoder
backbone. A geometry-based approach was also considered. However, the camera model is not
publicly available. The proposed approach generates sparse metric depth values that are then
densified and refined by an additional learning-based module. This method allows the generation

of dense metric depth maps from raw plenoptic images in an end-to-end manner.

8.2 Contributions

This work has involved the following contributions:

The design and development of a learning-based Microlens Depth Network.

A method for obtaining dense metric depth maps from single-view images.

A new dataset which contains plenoptic images from a state-of-the-art focused light field

camera, and metric depth labels obtained from a stereo system.

The development of an auxiliary pre-processing methodology to make the captured data

suitable for learning-based applications, and to assist as a toolbox for plenoptic imaging.

Given the novelty of the proposed method and the uniqueness of the studied problem and its
related challenges, it results challenging to find comparable methods that allow evaluating the
performance of the proposed alternative. As a result, an analysis of different proposed archi-
tectures, datasets, and modifications was carried out to establish both a course of development

and a baseline for future research in the field.
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The results obtained demonstrate that metric depth can be inferred from raw plenoptic
images captured by a single-view device. This capability can offer significant advantages for

various application fields.

8.3 Limitations

The work carried out aims to provide a starting point in exploiting the capabilities of the
focused plenoptic camera for single-view depth calculation in a learning-based manner. This
methodology is still at an initial development stage; therefore, it provides significant room for

improvement and further research.

While the proposed end-to-end pipeline shows promising results for the studied device, it is
not yet fully optimized for variable conditions such as images obtained from a different camera
model (i.e., a different configuration of the microlens array), or with different optics. A future
refinement of each stage of the pipeline could provide better performance and robustness to the
method.

In addition, addressing the problem at the microlens scale makes the dataset suitable for
learning, as well as a versatile method that can be adjusted to any plenoptic camera. However,
this feature makes the pipeline highly dependent on the system’s metric calibration, specially
in the pre-processing module for dataset generation after image capture. The creation of an
extensive dataset that includes large sets of full-frame raw plenoptic images and their respective
labels from a synchronized stereo system could help to overcome this limitation and train a

model that learns at the macro scale instead.

Moreover, it has been observed that the method’s performance is highly influenced by envi-
ronmental factors that influence the captured images, such as surface textures, object shapes,
occlusions, lighting conditions, and depth ranges. These constraints need to be taken into ac-
count to obtain lower noise levels when capturing a dataset, which could result in a better

performance of the model.

Even if the majority of the pipeline is self-standing, the generated natural image used to feed
to Depth Anything still relies on the manufacturer’s software. This issue was not tackled due
to time constraints. However, it could be addressed by closely attaching a monocular camera
to the body of the light field camera, computing the dense depth map for its pose and then
reprojecting the obtained values into the light field camera pose. By reducing this dependency,

a more versatile approach could be generated.

As far as the hardware is concerned, an encountered limitation is the requirement of spe-
cialized hardware and, especially, light field cameras, which might not be affordable for every

institution. This constraint affects both the practicality of its research and the widespread
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adoption of any developed method that requires this device. Also, the availability and the syn-
chronization of hardware have been limiting factors throughout this work. Issues related to this
topic have constrained the scope and scale of the data collecting process. For that purpose, if
available, further research needs to be made in deploying a robust system that allows an efficient

and precise capture.

A main technical advantage of the technology behind the light field camera lies in its ability
to capture a greater amount of photons by projecting the image in a different plane to the
sensor’s. This enables the possibility of reducing shutter time and increasing the speed of
movement of the camera. However, this advantage is counteracted by the loss of the full-frame
RGB representation, as well as by an increase in the computational complexity for processing
data.

8.4 Future Work

This work provides a first approach to single-view depth estimation from light field data, ad-
dresses the initially proposed objectives, and proposes alternative solutions to the limitations
encountered during its development process. However, throughout the project, a number of

potential ideas of possible further improvements and contributions have emerged:

It has been observed that a further refinement of the neural network could provide an im-
provement on the obtained results, as well as the implementation of different architectures that
could exploit the particular arrangement shown in these cameras. In addition, it would be a
good practice to review both pre-processing pipelines, with special attention into the stereo
depth, including an accurate fine tuning of SGM hyperparameters, a study of the reprojection
and computation of metric depths, and a capture of data in more optimal conditions (e.g., us-
ing outdoor environments, densely annotated images, etc.) to avoid noise introduction in the

pipeline (garbage in, garbage out).

Exploring the integration of full-frame images within the pipeline could leverage the usage of
microlens data by providing a broader understanding of the context. This could potentially lead
to a subsequent development of a more sophisticated neural architecture that gathered more

complex data patterns, thus enhancing its generalization capabilities and accuracy levels.

Despite the encountered limitations, the light field camera still can have a significant poten-
tial in several application domains. For instance, its integration into robotic exploration could
revolutionize vision systems in rovers and other devices. The inclusion of these devices could
offer greater flexibility and versatility in the way images are captured, allowing handling occlu-
sions and other challenges constrained by the baseline of a stereo system (e.g., looking through
narrow gaps). In addition, this technology could offer an alternative to reduce the reliance on

conventional stereo systems by having lower space requirements. By using a single device, issues

o8



related to the synchronization of multiple devices are avoided, and the limitations related to

malfunctioning in one camera of a stereo system can be overcome.
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