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Abstract

Lossy data compression is a particular type of informational encoding utilizing ap-
proximations in order to efficiently tradeoff accuracy in favour of smaller file sizes.
The transmission and storage of images is a typical example of this in the modern
digital world. However the reconstructed images often suffer from degradation and
display observable visual artifacts. Convolutional Neural Networks have garnered much
attention in all corners of Computer Vision, including the tasks of image compression
and artifact reduction. We study how lossy compression can be extended to higher
dimensional images with varying viewpoints, known as light fields. Domain Random-
ization is explored in detail, and used to generate the largest light field dataset we are
aware of, to be used as training data. We formulate the task of compression under
the frameworks of neural networks and calculate a quantization tensor for the 4-D
Discrete Cosine Transform coefficients of the light fields. In order to accurately train
the network, a high degree approximation to the rounding operation is introduced.
In addition, we present a multi-resolution convolutional-based light field enhancer,
producing average gains of 0.854 db in Peak Signal-to-Noise Ratio, and 0.0338 in
Structural Similarity Index Measure over the base model, across a wide range of

bitrates.
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Chapter 1

Introduction

1.1 Motivation

In the oncoming years, digital content is expected to drastically change. Technological
breakthroughs are happening on a daily basis, with the world's biggest corporations
like Meta (formerly known as Facebook) gearing up towards release of entire virtual
worlds [1, 2]. With the current state of the world, the increase in remote work has only
sped up the desire for newer and more immersive means of communication and media
consumption. For true immersion, we will need to break free of the static viewport
imposed by current media forms, and allow users a full 6 degrees of freedom in terms
of head position and stereoscopic view direction, as typically o ered in headsets. The
light eld is one such representation, capable of encoding the light information of an
entire scene. This new technology however, comes with it's own set of challenges in
terms of content capture, storage, transfer and computational complexity. A central

issue (not limited to just light elds) is the large amount of data needed to represent
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these life-like media formats. With Moore's Law approaching its limits, we can no
longer simply rely on more powerful hardware to overcome the computational problems.
New compression methods and standards will surely need to be developed to tackle
these issues.

Furthermore, as the technology is still in its infancy there is not much light eld
data publicly available for research purposes. With the sheer lack of such datasets,
much of the current attempts fail to generalize due to inadequate performance metrics
on inconclusive sample sizes, often of highly correlated data [3]. Larger datasets will
be needed for such compression codecs, both for the aid in the development stage as
well as the validation of these proposals. A large, diverse, uni ed dataset will allow
for the streamlining of comparisons of models in the research community, similar to
the standards already in place for images and videos in the Computer VisioG\()

community.

1.2 Overview

There has been a great deal of progress in the eld GV in the last decade with the
emergence of deep learning and Convolutional Neural NetworkSNINs). Combining
local spatial information in patches of images, as well as temporal information in
videos, with the high capacity of deep neural networks to approximate non-linear
relations was the basis of much of the literature. Utilizing these same ideas, while
extending them across angular dimensions appears to be a promising direction for
the size reduction problems mentioned. In modern Arti cial Intelligence Al) and

deep learning, models are trained to encode feature detectors for speci c patterns
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and anomalies. These detectors can strategically be used as Iters to favour certain
patterns over others, as well as to enhance or rebuild particular regions of a given
signal.

As most Machine Learning ML) methods require large datasets (especially neural
networks) to learn on, a new dataset is needed. Current capture instruments are
designed for the enterprise level, making data collection an expensive endeavour (more
on this in Section 2.2). Instead, the idea of Domain RandomizatiorDR) can be
applied to attain such data. UsingDR, a diverse dataset can be generated quickly
and cost e ectively, across a variety of domains, useful for generalization purposes.
Such methods have shown promising results, when mixed with real data, or in the
absence of it, for the training ofCNN models. This will be discussed more thoroughly
in Chapter 3.

In this dissertation, we provide evidence for the e ective use of data synthesized
using DR for the task of image classi cation in the real world domain. These nd-
ings inspire the generation of the LIAM-LF-Dataset; a synthetic light eld dataset
made of 20,000 samples, including depth and segmentation maps. We introduce a
continuous and di erentiable function to approximate the integer rounding operation,
useful for the training of neural networks. Using the LIAM-LF-Dataset and the
rounding approximation, we are able to compute a light eld quantization tensor,
optimized for reconstruction quality. The quantization tensor along with the addition
of a quantization factor is used in the proposed compression method, to present an
e cient variable bitrate codec for light elds. We also propose a method to achieve
a target bitrate, through the approximation of the associated quantization factor.

Lastly, we develop a neural enhancer capable of reducing compression artifacts formed

3



1.3 OUTLINE OF REPORT

by the quantization step in the pipeline, and show that our method is capable of
reconstructing the compressed light elds with minimal e ects on perceptual quality,

even at compression ratio exceeding 100:1.

1.3 Outline of report

This dissertation is structured as to progressively take the reader through the key
concepts and relevant literature associated with each topic, with an emphasis on a
neural based method for the lossy compression of light elds. The reader is encouraged
to skip ahead directly to Section 4.5 for details on the pipeline and evaluation of the
model.

Chapter 2 will brie y outline the history and formulation of light elds. It will
also introduce the concept oDR, as well as other relevant topics and metrics from
informational theory and image processing. Chapter 3 is an extensive study@R
and it's application to image classi cation. We cover an extensive literary review, and
present numerous studies to gauge the viability dR. Next, we extend the strategy
into the generation of a light eld dataset in Chapter 4, and compare it to other
publicly available datasets. This chapter also explores standard lossy and lossless
compression methods, and any relevant extensions to deep learning and light elds.
We then present a detailed outline of our proposed compression technique, discuss
challenges in the training process, and provide statistical and perceptual results. We

summarized our ndings in Chapter 5, and discuss further avenues worth exploring.



Chapter 2

Background

2.1 Plenoptic Function and the Light Field

The most general form of the plenoptic function describes the light pro le in space,
direction, time and wavelength [4]. Adelson and Bergen model this as the 7-dimensional

function

P=PXy;z;;;;t) (2.1)

where andx, y, z are the spatial positions of interest, and give the polar and

azimuthal angles for the direction of light, is a speci c wavelength and is the time.

Obtaining such a function is not possible in practice, as it could model the entire

universe from the beginning of time. It is however, a good theoretical starting point.
By xing a speci ¢ moment in time, and simplifying our wavelength pro le down to

a monochromatic model, the plenoptic function can be reduced to the more commonly

used 5-dimensional version



2.1 PLENOPTIC FUNCTION AND THE LIGHT FIELD

Figure 2.1: In the absence of occlusion, a ray's radiance is constant, and therefore the top
rays observed from both vantage points as shown above, are the same.

P=P(xyz; ) (2.2)

Given some closed, reasonably spaced volume, such a function would be able
to generate any possible view point, in any direction, hereby analogous to a 3-D
photograph. Moreover, since the radiance along a ray remains constant along it's
trajectory if it is not blocked, we can further reduce the function to 4-dimensions.
This is illustrated in Figures 2.1 and 2.2. The coordinates associated with each ray
can be projected to a plane, and parameterized by only 2 spatial variables, along with

the 2 angular variables, producing what is commonly referred to as the light eld

L=LXy: ;) (2.3)

Coined by Gershun in a paper by the very name [5], the concept did not gain much

popularity in digital rendering until 1996, when two independent groups presented the

6
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Figure 2.2: Redundancies in the radiance of light can be condensed down along any given
ray, such that spatial dimensions can be represented by a projection on a 2-dimensional plane.
lllustrated above is the same concept from 2-dimensions projected onto a line (1-dimension).
ideas, interestingly at the same conference. Levoy and Hanrahan and Gortler et al.
outlined how a light eld can e ciently be captured, parameterized and rendered [6,
7]. Gortler et al. referred to this function as the Lumigraph, while other such as Moon
and Spencer termed it the photic eld [8] in their works. The term light eld has been
the one most commonly used today, but the ideas are all fundamentally the same.
While the current formulation of the light eld we have de ned above can be
envisioned as spherical rays along a plane, we are not limited to a at surface in
this matter. Another possible parameterization can be given by two points on the
surface of a sphere. This is a less common setup, but may be useful in camera setups
for captures, due to the uniform sampling [9]. The more practical and commonly
seen form in research is the two plane parameterization referred to as a light slab [6].

We refer to the two as theuv and st planes. All rays can be represented by a line
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Figure 2.3: A light slab formulation consisting of 2 planes, where rays of light are parame-
terized by coordinates(u;v;s;t).
connecting points(u; v) on the uv plane to points(s;t) in the st plane. See Figure

2.3. The radiancelL is now given by

L(u;v;s;t) (2.4)

whereu;v;s;t are all coordinates on the planes, usually normalized to lie between
0 and 1. By convention, theuv plane represents the angular dimensionggdmera
plane ), while the st plane represents the spatial dimensiongacal plane ) of the light
eld. This is helpful for light eld captures as we will see in Section 2.2, where the
two planes will represent the cameras' position in space and their Field of ViewqV)
respectively.

If we were to x points (u ;v ) on the angular plane, the resulting eldL(u ;v ;s;t)
would generate a regular image as we are use to seeing from digital cameras. We will
refer to these agerspective views , or Sub Aperture Images ( SAI s). Alterna-
tively, if we xed points (s ;t ), then L(u;v;s ;t ) would represent what any given

pixel (s ;t ) in an image array would look like from di erent viewing positions. These
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(@) uv plane (b) st plane
Figure 2.4: Visualization of light eld across both planes. (a) Perspective views across a
5x5 viewpoint sectional. (b) Re ectance views across a 15x15 pixel image block. Light elds
are taken from Lego Knights as part of Stanford dataset [10].
resemble re ectance maps and so we shall refer to them @sectance views , or
microlens images going forward. Sampling the light eld L(u;v;s;t) at equidistant
spaces, we can think of the above two as slices in tensor. There is one further family of
slices, which are important for the geometry of a light eld. Fixing(u ;s ) and varying
(v;1), we can construct an Epipolar Plane EPP). EPPs display the relationship
between angular and spatial dimensions. In this fashion, the slice (in the discrete case)
would represent a column of pixels in an image (spatial), and how it changes when
the view point is raised vertically (angular). See Figure 2.5a. This creates a parallax
e ect, which can be used to extract depth information from the scene. Visually, the
slope of a given pixel across thEPP is meaningful, as it is directly proportional to
depth of that particular pixel in the scene. AnEPP can also be sliced acrogs; s)

keeping(v ;t ) xed, as shown in Figure 2.5b.
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(a) Examples of vertical EPPs generated by looking at a xed column of a light
eld image, while sliding the view point vertically.

(b) Examples of horizontal EPPs generated by looking at a xed row of a light eld
image, while sliding the view point horizontally.

Figure 2.5: A visual representation of EPPs being slices along a light eld tensor volume.
Light eld data taken from the Stanford dataset [10].

10



2.2 CAMERAS AND DIGITAL RENDERING

2.2 Cameras and Digital Rendering

While the theoretical model for the light eld is well formulated, capturing such a
function has its challenges and limitations. All light eld cameras are based on discrete
sampling of the light eld, and no devices to date, have been proposed to measure the
eld in a continuous fashion. Such imaging based solutions take up physical space,
and therefore limit the angular and spatial resolutions of the capture. This often leads
to a tradeo between the two, which will depend on the task at hand.

Light eld capture was rst proposed by Lippmann in 1908 using the idea he termed
integral photography [11]. Using an array of lenses which he called an Elemental
Image Array (EIA), di erent viewpoints of a scene could be captured on photographic
plates. Adelson and Wang expanded on the idea in the digital age, using a Microlens
Array (MLA) inspired by Lippmann's EIA also sometimes referred to as a lenslet. [12].
The camera places MLA at the typical focal plane behind the main camera lens,
with the image sensor just underneath it, as can be seen in Figure 2.6. The sensor
will produce an image similar to those seen in Figure 2.4b, typically with some degree
of vignetting due to the round shape of the lens. The sensor will impose a restriction
on the overall resolution of the entire light eld, but the actual spatial resolution will
be given by the number of microlenses in the array. In order to capture a light eld at
an angular resolution ofM M and a spatial resolution ofN N, and sensor with a
resolution of MN  MN is required.

Though the image in Figure 2.6 displays a grid-like structure of the associated
lenses in theMLA, this is not the only way to position them. More commonly seen is

a MLA with lenses assembled in a honeycomb pattern, for optimal packing in a cross

11



2.2 CAMERAS AND DIGITAL RENDERING

Figure 2.6: Typical architecture of a standard lenslet-based light eld camera. Colour is
shown to depict where each subaperture ray lands on the camera sensor. By rendering only
the pixels o the image captured where a speci c colour meets the sensor, a novel perspective
view can be generated.

sectional area. These give rise to microlens images in a hexagonal pattern, similar to
what can best be described as insect vision. The sampling of theand v coordinates
will be di erent, but the overall idea is the same.

These types of cameras fall under the class known as Standard Plenoptic Cameras
(SPGCs). Ng et al. described such &PCin 2005 [13], which he would later miniaturized
and turn into the rst consumer ready light eld camera called the Lytro. Perwass
and Wietzke proposed a design for 8PC with far greater precision in 2012 [14]. They
would go on to develop the Raytrix light eld cameras, targeted at the industrial and
scienti ¢ sectors.

Far more intricate designs have been proposed for lenslet-based cameras, in order
to optimize for spatial resolution capture. By sliding theMLA o the main lens focal

plane, angular resolution can strategically be sacri ced in favour of spatial resolution.

These are usually classi ed as Focused Plenoptic Camerds®P(Cs), as outlined by

12
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Georgiev and Lumsdaine [15]FPCs are often far more expensive to produce, and are
yet to be commercialized.

Aside from lenslet-based cameras, one obvious method of capturing light elds
based on the 2 plane representation, is to use a grid of separate cameras, known as a
Camera Array (CA). Such an apparatus was discussed and built by Wilburn et al.
[16, 17, 18], and was used to capture the images in Figures 2.4 and 2.5. Each camera
lies on a point in the uv plane, and its sensor captures thet plane, representing
a slice of the 4 dimensional light eld. CAs are much more practical and common
in research. With high de nition cameras being readily availableCAs allow for
maximum spatial resolution, at the cost of angular resolution, among all plenoptic
cameras.CAs also need not be positioned using the 2 plane parameterization. Aligning
cameras strategically in a spherical shape produces light eld approximation with a
360 degree FoV. In theory, any view within the sphere can be synthesized using this
structure. This is particularly useful for creating immersive virtual reality experiences.
Examples of such cameras include the Jaunt One, the Lytro Immerge, the Insta360
Titan, Facebook's Manifold and Google's custom built panoramic system [19].

One nal method of capturing a light eld, is by translating a single camera in
space, as long as the scene is static. Typically, the camera is mounted onto a gantry
which sweeps out a plane of perspective views [6, 20], but other methods are also
viable [21, 22].

Using the L (u;v;s;t) representation of our light eld, we can render views along
the uv plane. Speci cally, the discrete points which we sampled initially during capture
time are already known. Views in between these points, need to be interpolated.

However, this is not a trivial task. Nearest neighbour, bilinear and bicubic based

13
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(a) Example of a novel view with a narrow setup  (b) Example of a novel view with a wider setup
in 2D. in 2D.

Figure 2.7: Information from the light eld can be used to reconstruct any view point in
the shaded region. (a) shows a narrow initial capturé~oV, with a novel view behind the uv
plane. Rays for this viewpoint can be taken directly from subsequent views along the view
path. (b) shows a widerFoV, with a viewpaoint in front of the uv plane. In order to render
this view, each ray needs to be traced back onto thev plane.

methods all produce ghosting and blurring artifacts due to the averaging out of
di erent views. Geometric methods [23] as well as methods from signal processing [24],
optimization [25] and deep learning [26, 27] have been developed for the interpolation
of smooth and visually pleasing results, often referred to as angular interpolation
or super-resolution. The 4-D light eld representation does not however limit view
rendering from just theuv plane. Novel views can be synthesized o the camera plane,
in a region related to theFoV of the initial cameras used in capture. This region can
be seen in Figure 2.7. These new viewpoints can be rendered by tracing each ray to
the uv plane, which in turn can be interpolated up to the desired density using the

angular super-resolution methods mentioned.

14



2.3 DOMAIN RANDOMIZATION

2.3 Domain Randomization

ML algorithms, particularly neural networks often require large datasets in order to
converge to meaningful solutions. In supervised learning, these datasets also require
accurate labelling, at times down to the pixel level such as IBNNs. Acquiring such
large data samples is a time consuming challenge and can be very expensive. Labelling
it can be even more daunting or at times impossible, namely when accuracy is of
utmost importance. To combat a lack of data, researchers often have to rely on data
synthesis. However, synthetic data can inherently carry large bias and discrepancies
to real data. In order to "bridge this gap"”, Tobin et al. proposed the idea oDR.

By randomizing many visual parameters in their simulations, such as textures and
lighting, Tobin et al. were able to generate data which they successfully used to train
a model capable of robotic control in the real world. Implementing the randomization
process led the network to seeing the world as just another variation, concentrating
only on the structure and geometry of the scene needed for the task.

Synthetically rendered images have a few advantages over real ones. Firstly, any
labelling associated with the render comes for free and with pixel perfect accuracy. For
example, object segmentation, depth maps and bounding boxes can all be generated
at render time along with the images. Second, they are extremely cost e ective to
produce, as the scene only needs to be designed once, and each subsequent sample
can be renderer for free. This allows for arbitrary large dataset acquisition. Lastly,
depending on the level of realism required, they are on average much quicker to
produce, than capturing photos in the real world. Together with the labelling time,

this task can be more cumbersome for just one real image than for the entire synthetic

15
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set combined. High quality photorealistic renderings can take up to an hour on modern
Graphics Processing Units GPUs), but more typical images can be generated on the
order of milliseconds. Graphics software such as Blender and Maya, are capable of
creating images indistinguishable from photographs, making use of modern ray tracing
and light transport algorithms. On the other hand, game engines such as Unity and
the Unreal Engine provide the perfect exibility for procedural scene generation while

being optimized for quick and e cient rendering.

2.4 Compression and Entropy

The process of reducing digital le sizes can be split into two categories. Lossless
compression aims to take advantage of any redundancies in the data such that no
information is lost. Such a compression will always lead to perfect reconstruction after
the encoded signal is decompressed. In order to achieve maximal compression, all
redundancy must be removed reducing the encoding to it's most compact form. This
limit is usually measured by the Shannon Entropy [29] as

X

H(X) = P (x;)logP(x;) (2.5)

i=1
where X is a signal constructed oN symbolsx;, and their respective probabilities are
given by P(x;). The Shannon Entropy can be used as a measure of the compressability
of a signal, or conversely the amount of redundancy in it.

Lossy compression on the other hand, goes a step further by removing unnecessary

information in order to achieve a balance between quality and compression size.
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This process will often vary based on the task at hand. For example, a lossy image
compression may choose to toss away high frequency parts of the signal which may lie
outside the perceptual range of humans. Such a method is the basis of modern image
codecs such as JPEG [30].

The JPEG codec consists of a few di erent steps. First, the Red-Green-BIUBGB)
image is converted to the Luma-Blue-RedYCbCr) color space. In theYCbCr color
space, the image is factorized into its luma and chromatic components. The human
eye is more sensitive to the luma of an image, than it is to the chroma [31]. JPEG
takes advantage of this phenomena by subsampling the chroma components, reducing
the overall size of the image. The next step in the pipeline is to convert patches of
each channel into the frequency domain in 2 dimensions using the Discrete Cosine
Transform (DCT) [32] given by

DD (i 1)

s=1 t=1 N

1 g 1
= S
S 5 Cos N

1

(2.6)

wherec;; is the coe cient of a 2 dimensional cosine signal with periodsand j, X;;

is the pixel in positioni;j of the patch, andN is the patch size. In the frequency
domain, each patch is divided by some value in a prede ned lookup table based on a
desired quality level, and the nal values are quantized to the nearest integer. This
process removes most high frequencies from the patch, leaving mostly O entries. The
patch can then be strategically encoded, using run-length encoding. While this step
is lossless, it is worth mentioning that the quantization discards information, and
therefore the entire framework is lossy. The decoder reverses these steps, constructing

an image with very low perceptual di erence to the initial.
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Since lossy compression introduces a degree of freedom in terms of quality, there
is no meaningful limit and compression metrics are usually reported empirically at
di erent qualities. The JPEG standard typically produces compression rates of 5:1

for its highest quality, while up to 120:1 for lower levels [33].

2.5 Evaluation Metrics

Media compression and image reconstruction task often require quantitative measures
in order to evaluate the proposed methods and compare them to other contenders.
Lossy compression in particular, being a tradeo between size reduction and maintained

quality, requires metrics for both.

2.5.1 Similarity Metrics

The most commonly used measures for image similarity are the Mean Square Error
(MSE) and Peak Signal-to-Noise RatioPSNR) [34]. Given ann m target imagel

with ¢ colour channels, withb bits per colour channel, and an approximation imag®&

we have
1 XXX )
MSE = _+_ [1Gk)  RQ:jk)] (2.7)
nmc
i=1 j=1 k=1

and

PSNR = 20log 92*’71 (2.8)

 PMSE |

with low MSE and high PSNR scores indicative of better quality approximations. Note
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that since the PSNR is only a function of the MSE, there is a monotonic relationship
between the two, with the PSNR scaled more closely to align with human perceptional
measures.

Both of these metrics rely on the absolute error between images, which often
contrasts qualitative measures in human experiments. Instead the Structual Similarity
Index Measure GSIM) relies on structural information in a local neighbourhood of
an image, producing much more accurate results [35]. TI&SIM is calculated on the

luma of an image made oM windows as

1 X (2 1) r) T C)2 ji)ri) + )

SSIM = — (2.9)
M i=1 Znt A2t At At @)

where
¢ = (keL)?
o = (koL)?
k]_ =0:01
k, =0:03
L=2P 1

and |4); rO); IZ(J-); é(j) and q).ri) are the mean, variance and covariance of window

] in the target and reconstructed images¢ and R. Larger values of theSSIM are
better, with a score of 1 indicating the images are identical. The Multiscale Structual

Similarity Index Measure (MS-SSIM) builds on this idea, by applying the process
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across di erent resolutions of the image, in essence pooling structural information
across a variety of scales in the image [36]. Typically, thdS-SSIM produces the most
robust results in practice.

Another method of measuring perceptional similarity is through the use of a
speci cally trained network. Namely, by training a deepCNN against labels of
similarity scores attained from human experimentation, a visual perception model can
be approximated. One popular such measure is the Learned Perceptual Image Patch
Similarity (LPIPS) [37]. Values closer to O indicate imperceptible di erences, while

larger values re ect greater disparities.

2.5.2 Compression Metrics

In order to compare di erent compression algorithms, it is useful to utilize a stan-
dardized metric to measure the overall reduction in a le's size. The most intuitive
such metric is the relative size reduction of the le after compression, known as the
compression ratio. The compression ratio is often also expressed as a percentage
change. It measures the amount of information that has been removed from the
compression, relative to its initial size. More commonly used in image compression is
the bits per pixel (bpp). Unlike the compression ratio, thebpp is an absolute measure
as it is standardized per pixel. In this way, compression of images at di erent scales
can be fairly compared. Thebpp is calculated as the total size of the image in bits,
divided by the total number of pixels.

The compression associated with the above metrics can be raised arbitrarily high

for lossy methods at the cost of quality. In lossless compression however, this is not
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the case. A lossless compression must reconstructs the initial signal perfectly, and
SO iImposes a constraint on the compression variable. The minimuspp that can be
achieve in a lossless compression has been shown by Shannon [29] to be the entropy as

shown in Eqg. 2.5. Methods for such compression do exist, but are not general enough

to be suitable for all problems.
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Chapter 3

Domain Randomization for Neural

Network Classi cation

In order to develop a useful light eld dataset, we rst test the validity of DR, and
how e ective it is. In this chapter, we test how wellDR bridges the reality gap to
di erent domains, and which parameters of the process are most important, when

training a neural network with the task of image classi cation.

3.1 Introduction

Recent advances in convolutional based neural networks have opened the door for
automation in a wide variety of visual tasks, including classi cation, segmentation,
object tracking, viewpoint estimation and view synthesis. Where once the challenge
was to develop a strong model for each of these tasks, today the challenge has jumped

to the acquisition of large and diverse datasets to train the models. Zero-shot and
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few-shot learning has been making progress in tackling the data size requirement, but
solutions there are still very case dependant. They also still have problems with black
swan events [38].

The cost of gathering a large amount of data can be very expensive, both in terms
of money and time. Pixel level segmentation on an image, for example, can take hours
to properly label on a complex enough scene. Instead, the task can be o oaded to a
computer, not only in synthesizing the visual data, but also in annotating it [39, 40,
41, 42, 43]. In this fashion, large datasets can be produced relatively quick and cheap,
and any labelling comes not only free, but at beyond human-level accuracy.

The use of synthetic data however introduces what is known as the reality gap
[28], which as the name suggests, is the inability for it to fully generalize to the real
world data, for numerous reasons including textures, lighting and domain distributions.
Achieving photorealism in the synthetic data, comes at the price of computational
resources and render time [44]. Ray tracing engines can produce images indistinguish-
able to the untrained eye from a real photo, but may take dozens of hours to render a
single image. Instead, realtime renderers like those used by popular game engines are
usually used due to their ability to produce large datasets quickly.

In an attempt to narrow the reality gap, DR is introduced to simulate a su ciently
large amount of variations such that real world data is viewed as simply another
domain variation [28, 45]. This can include randomization of view angles, textures,
shapes, shaders, camera e ects, scaling and many other parameters.

DR has successfully shown to aid in the training of networks for object detection,
image segmentation, spatial positioning and depth estimation. For our purposes, we

will aim to study it's e ectivity speci cally to image classi cation. We further perform
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a collection of univariate tests in order to 1) examine which parameters are most
signi cant to the process, and 2) gauge the resulting model's ability to generalized to

new domains.

3.2 Related Work

To address the reality gap DR techniques have been explored, including most notably
the work of Tobin et al. [28], where they synthesized images of basic geometric objects
on a table, in an attempt to estimate their spacial coordinates, such that a robotic
arm could pick them up. Their accuracy varied depending on domain parameters,
achieving errors as low as 1.5 cm on average in terms of object location, showing
promise for synthetic data training. Notably, they found that the number of images
and the number of unique textures used in the images were the most prominent
parameters to model accuracy. Camera positioning and occlusion also had meaningful
contributions, while the addition of random noise in images did not.

In another work, Tobin et al. [45] discussed the use of thBR, to the objects
themselves, again in the aim of robotic grasping. This time, they procedurally
generated millions of object meshes, leading to shapes not typically seen in the
physical world, with the goal of the model generalizing speci cally to the motion
of the grasp. When bridged with real world objects, their results show the robot is
able to grasp the subject with an 80% accuracy. Again, the number of objects was a
contributing factor to the overall accuracy.

Loquercio et al. [46] usedR to bridge the gap between the arti cial world and

the real one, in the task of autonomous drone ight. In their work, they synthesized
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arbitrary race courses for the drone to learn to y in, and then tested their controller

in arbitrary track con gurations in the real world. They achieved near perfect course
completion scores for many variations including max speed constraints up to 10m/s,
and lap totals less than 3. Other results are also substantially higher than other
baselines they compared to. Parameters tuned include scene textures, gate shapes,
and lighting conditions, with all 3 providing improved results. Similarly, Shafaei,
Little, and Schmidt [40], and Atapour-Abarghouei and Breckon [41] showed that depth
estimation in general can be well approximated using neural networks trained entirely
on synthetic images. They do note however, that having pixel-perfect annotations
lead to problems when generalized to a real world domain.

Tremblay et al. [39] outlined a variety of di erent parameters associated with the
DR process in the problem of object detection, with results indicating more parameters
give rise to better accuracy, even if only marginally. Furthermore, they noted that
freezing the weights of the feature extractor part of the network resulted in worse
results, which contrast results obtained by Hinterstoisser et al. [47]. Peng et al. [48]
also highlighted this notion, by lowering their learning rate, as to further allow the
feature extractor itself to generalize to higher level features, which may only be present
in the synthetic data. Their results indicated that viewpoint variation of the objects
is far less important in terms of model accuracy than one might suspect, while the
model is most sensitive to the amount of unique instances of objects per class.

Another common computer visual task is the problem of viewpoint estimation.
Movshovitz-Attias, Kanade, and Sheikh [44] explored this using carefully constructed
synthetic images, leading to results nearly as good as real images.

A natural place to utilize synthetic images is in the problem of human pose
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estimation. Rigging of joints is an expensive and cumbersome tasks, and generating
large datasets for this are nearly impossible. Chen et al. [49] show that training with
synthetic images for the task, outperformed training on real images.

Pepik et al. [50] highlighted howCNN accuracy doesn't necessarily transfer across
di erent domains, providing evidence that the networks are not invariant to domain
changes. They concluded that training them with mixed data spread across many
domains increases generalized performance, similar to the ndings of Peng et al. [51].

Improvements to regularDR have been shown when the sampling methods and
parameter distributions are carefully adjusted as show by Mozian et al. [52] and Mehta
et al. [53]. Prakash et al. [54] were able to apply such methods successfully in the
2D bounding box problem. The team at OpenAl managed to train a robotic hand
to solve a Rubik's Cube by generating progressively more di cult environments in
what they called Automatic Domain Randomization ADR), e ectively updating their
sampling during training [55].

The common ndings between most previous research into synthetic data appears
to be that it is best used as a supplementary part of the data gathering process, as
oppose to entirely relying on it to train a model from scratch. Generally, a mixture
of real world data, spread across a broad range of domains, in unison with computer
generated imagery tends to produce the best results [56].

Literature in DR for image classi cation is lacking. We aim to address this
shortcomings, and apply similar analysis to its application in terms of accuracy to
real world data, as well as its transferability to other domains. We also explore the

e ects of di erent DR parameters in Section 3.4.2.
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3.3 Methods/Experimental

To generate our images we make use of the popular game engine Unity. We make this
choice as we aim to produce a large amount of visual data at a reasonable tradeo
relative to the rendering time required. A game engine in particular is great versus
photo-rendering software since it can produce many frames per second, at the cost of
photorealism. Since one of the central inspirations to using synthetic data is the fact
we can generate lots of data quickly, it does not make sense to spend hours rendering
each image to cinematic quality, as this may be even more costly than gathering the
real image data by hand.

DR aims to produce data samples spanning as much of the image space as possible.
The samples need not follow any distribution observed in the real-world, thus possibly
producing many extreme outliers. Consider, for example, how an autonomous car
might react when it comes across a car accident on the road, having been trained only
on data of clean law-abiding agents. It is evident how valuable such outliers would
be at train time. In the case of our classi er, we aim to train our model to detect
precisely what features identify each class, regardless of how feasible each sample is.

For our analysis, we begin by importing 3D generated models of cats and dogs
from the Unity Asset Store. We proceed to build a random scene with one of these
models rendered each frame. First a plane is created, on top of which a model of one
of our classes is placed. Our models come rigged with a variety of di erent animations,
and so we randomly sample a frame from a random animation for each subject. This
gives us a variety of di erent poses, sampling across what we can think of as a posture

manifold across the image space. Similarly, any other simulation parameter can be
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